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ABSTRACT OF THE DISSERTATION 
THE IMPACT OF RED LIGHT CAMERAS ON INJURY CRASHES WITHIN  
MIAMI-DADE COUNTY, FLORIDA 
by 
Anthoni F Llau Jr 
Florida International University, 2015 
Miami, Florida 
Professor Nasar U Ahmed, Major Professor 
Previous red light camera (RLC) studies have shown reductions in violations and 
overall and right angle collisions, however, they may also result in increases in rear-end 
crashes (Retting & Kyrychenko, 2002; Retting & Ferguson, 2003). Despite their apparent 
effectiveness, many RLC studies have produced imprecise findings due to inappropriate 
study designs and/or statistical techniques to control for biases (Retting & Kyrychenko, 
2002), therefore, a more comprehensive approach is needed to accurately assess whether 
they reduce motor vehicle injury collisions. The objective of this proposal is to assess 
whether RLC’s improve safety at signalized intersections within Miami-Dade County, 
Florida. Twenty signalized intersections with RLC’s initiating enforcement on January 
1st, 2011 were matched to two comparison sites located at least two miles from camera 
sites to minimize spillover effect. An Empirical Bayes analysis was used to account for 
regression to the mean. Incidences of all injury, red light running related injury, right-
angle/turning, and rear-end collisions were examined. An index of effectiveness along 
with 95% CI’s were calculated. 
vii 
During the first year of camera enforcement, RLC sites experienced a marginal 
decrease in right-angle/turn collisions, a significant increase in rear-end collisions, and 
significant decreases in all-injury and red light running-related injury collisions. An 
increase in right-angle/turning and rear-end collisions at the RLC sites was observed after 
two years despite camera enforcement. A significant reduction in red light running-
related injury crashes, however, was still observed after two years. A non-significant 
decline in all injury collisions was also noted.  
Findings of this research indicate RLC’s reduced red light running-related injury 
collisions at camera sites, yet its tradeoff was a large increase in rear-end collisions. 
Further, there was inconclusive evidence whether RLC’s affected right-angle/turning and 
all injury collisions. Statutory changes in crash reporting during the second year of 
camera enforcement affected the incidence of right-angle and rear-end collisions, 
nevertheless, a novelty effect could not be ruled out. A limitation of this study was the 
small number of injury crashes at each site. In conclusion, future research should 
consider events such as low frequencies of severe injury/fatal collisions and changes in 
crash reporting requirements when conducting RLC analyses. 
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CHAPTER I 
INTRODUCTION 
Overview and public health significance 
In the United States, motor vehicle crashes (MVCs) are the leading cause of death 
among individuals aged 5-34 years (Centers for Disease Control and Prevention [CDC], 
2011a). Within this age group, 13,388 persons were killed as the result of MVCs during 
2010, representing 17% of overall deaths and 27% of injury-related deaths. In addition, 
more than 2.3 million U.S. adult drivers and passengers were treated in emergency 
departments during 2009 (CDC, 2011b). Deaths attributed to MVCs are expected to be 
the 5th greatest cause of mortality worldwide by 2030 (World Health Organization 
[WHO], 2013).  
Traffic accidents have been associated with several risk factors including human, 
social, and transportation. Human factors such as alcohol consumption represented 31% 
of all U.S. crash-related fatalities during 2011 (National Highway Traffic Safety 
Administration [NHTSA], 2012]. In addition, distracted driving, e.g., cell phone use 
while driving, as a factor in fatal accidents increased 60% between 2005 and 2009 
(NHTSA, 2010a). Low socioeconomic status (SES) may also play a role in MVCs. 
Studies have indicated that crash fatality rates are greater in lower SES groups, regardless 
of gender (Chen et al., 2010).  
Although human and social factors contribute to MVCs, those related directly to 
transportation (e.g., road infrastructure, weather, etc.) account for the majority of 
accidents, particularly fatalities. Roads affect crash risk since they impact how drivers 
perceive their environment and provide instructions for road users (e.g., pedestrians, 
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bicyclists, and motor vehicle drivers) via signs, pavement markings, and traffic controls. 
Intersections are road sections where crashes frequently occur since these are locations 
where at least two roads cross each other and driver actions result in potential vehicle 
conflicts (NHTSA, 2010b). Although intersections represent a small fraction (10%) of the 
U.S. roadway system, a significantly large proportion of crashes occur at these locations 
(Federal Highway Administration [FHA], 2014). During 2008, approximately 40% of all 
U.S. crashes occurred at intersections, of which over half (52%) took place at roads with 
traffic signals (NHTSA, 2010b). Furthermore, 32% of traffic signal crashes resulted in at 
least one occupant injury. Despite national research and prevention efforts, 10% of fatal 
crashes occurred at signalized intersections during 2011, remaining unchanged since 
2000 (NHTSA 2001; NHTSA, 2013). 
Collision-related injuries at intersections result from the types of accidents that 
transpire in these road segments. Of the different types of collisions that occur at 
intersections, those with the highest risk of injury are right angle and left-turn crashes 
(Abdel-Aty & Radwan, 2000). Right angle crashes, which occur between two vehicles on 
perpendicular approaches, account for 42% of fatal crashes at signalized intersections. 
Left turn crashes, which account for 21% of fatal crashes at signalized intersections, 
occur between vehicles on opposite approaches where one vehicle is turning left and the 
opposing vehicle is going straight (FHA, 2014). 
Rear-end crashes are the most common type of collisions at signalized 
intersections. Specific causes of rear-end crashes may include a driver’s inattention to 
other vehicles or following too closely. Rear-end crash risk is also associated with higher 
traffic volumes, slippery road surfaces, and higher speed limits (Yan et al., 2005). 
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Although rear-end crashes tend to be less severe, they account for 8% of fatal crashes at 
intersections and may result in debilitating and long-lasting injuries such as whiplash 
(FHA, 2014). 
Noncompliance with traffic control devices is a major factor contributing to 
MVCs at signalized intersections. Police-reported crashes from four urban areas reported 
“ran traffic control” (i.e., red light running) was the single most common cause of 
collisions, accounting for 22% of urban and 27% of all injury crashes (i.e. crashes with at 
least one injury), respectively (Retting et al., 1995). Red light runners are generally 
comprised of younger males, elderly adults, alcohol impaired drivers, and those with 
driving violation histories (Retting et al., 1999). Several interventions have been utilized 
to decrease the risk of red light running crashes including police enforcement, 
educational campaigns, and engineering modifications such as signal timing changes. 
Red light cameras (RLCs) are now increasingly being used to discourage red light 
runners and decrease related crashes. RLCs have been used internationally since the 
1970’s, while the first U.S. program was developed in the early 1990’s (Retting & 
Kyrychenko, 2002). They can assist in decreasing red light running by automatically 
photographing the license plates of drivers or vehicles that run red lights. Despite the use 
of RLCs in the U.S. since the 1990’s, few studies have been published. 
Most RLC studies lacking methodological rigor have produced imprecise findings 
since they have failed to adopt appropriate study design and/or employ proper statistical 
techniques to control for biases such as regression to the mean (RTM) and spillover 
((Retting & Kyrychenko, 2002), therefore, a more comprehensive approach is needed to 
accurately assess whether they are effective in reducing MVCs and related injuries. Other 
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factors also need to be accounted for to enhance RLC analysis such as an intersection’s 
geometric characteristics. Intersection characteristics commonly examined include annual 
average daily traffic, speed limits, and number of lanes.  
The relationship between the speed limit and the frequency of motor vehicle 
collisions is a subject which has been widely examined. Road speed limits affect driving 
speed choices, which in turn, influence crash frequency and severity. Various studies 
have attempted to determine the impact of road speed limits on driving speed and the 
frequency of both traffic-related crashes and related injuries/fatalities. Many have 
concluded that higher speed limits result in greater driving speeds. Freedman and 
Esterlitz (1990) estimated an increase of 3 miles per hour (mph) for states that raised 
speed limits after the 1987 national maximum speed limit changes. They found that the 
proportion of vehicles exceeding 70 mph nearly doubled and that speeds continued to 
increase during the years after speed limit increases. Retting and Greene (1997) found 
that the percentage of drivers exceeding 112.7 km/h increased from 29 to 41 percent in 
Riverside, California and from 15 to 50 percent in Houston, Texas after speed limit 
increases. Elvik (2012) concluded that, in general, driving speed has a direct correlation 
to speed limits. Decreases in speed limits result in reductions of mean driving speed of 
traffic. In turn, higher speed limits bring about increases in mean driving speed.  
Researchers have also examined the relationship between speed and motor vehicle 
collisions and related injuries/fatalities. Evidence clearly indicates that increases in speed 
(both absolute and relative among vehicles) leads to an increase in crashes and injury 
severity. In Florida, high speed limits on major roadways are correlated with high rear-
end crash frequencies (Wang and Abdel-Aty, 2006). Solomon (1964) measured the 
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relationship between crash and severity by measuring injury rates and property damage 
per crash-involved vehicle. In both cases, higher speeds implied greater costs. He also 
calculated the fatality rate associated with speeds, which ranged from 1 to 2 crash/fatality 
odds for speeds below 88.5 km/h to over 20 crash/fatality odds for speeds of 112.7 km/h 
and above. Joksch (1993) found that higher speeds increase injury severity at a rate faster 
than the increase in speed. Elvik (2008) has estimated that if speeding were eliminated, it 
would result in a 25% reduction in fatalities, and decreases in severe and minor injuries 
by 18% and 10% among road users, respectively. It has been concluded that the faster a 
vehicle is moving prior to colliding with another vehicle or stationary object, the greater 
the exchange of energy, resulting in increased crash severity (Shinar, 1998). 
Despite this evidence, it is unclear whether speed limit changes result in 
differences in injury/fatal motor vehicle collisions. Speed limit increases in Utah resulted 
in significant increases in total fatal crash rates on high-speed (60–65 mph) rural non-
Interstate segments, yet, no change in fatality and injury crash rates were observed on 
rural nor urban Interstate segments (Vernon et al. 2004). Renski et al. (1999) concluded 
that augmenting speed limits from 55 to 60 mph and from 55 to 65 mph increased the 
probability of sustaining minor and non-incapacitating injuries. Elevating speed limits 
from 65 to 70 mph, however, did not have a significant effect on crash severity due to a 
limited number of fatal crashes to draw conclusive results. A study investigating the 
relationship between speed limit increases and fatal crashes on U.S. interstates found the 
frequency of fatal accidents on rural interstates increased in some, but not all states. A 
second round of speed limit increases, however, brought about smaller increases in fatal 
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crashes at rural interstates and little to no change in urban intersections (Balkin and Ord, 
2001).   
It is believed by many researchers that greater numbers of lanes are associated 
with an increase in motor vehicle collision rates. Other studies, however, have found 
conflicting results. Milton and Mannering (1998) found a greater number of collisions 
after the number of lanes on rural roads were increased. Another study found increased 
collision rates were associated with higher numbers of lanes on urban roadways (Abdel-
Aty and Radwan, 2000). An analysis of crash data in Illinois found that increased 
numbers of lanes were shown to increase traffic-related fatalities (Noland and Oh, 2004). 
Awadzi et al. (2008) examined predictors of injury/fatal motor vehicle collisions among 
younger (35 – 54 years of age) and older (65+ years of age) drivers using Fatality 
Analysis Reporting System data. It was determined that number of lanes was associated 
with a lower risk of both injuries and fatalities. Yet, crashes in single lane roads were 
associated with a decreased likelihood of injuries while collision fatalities were less likely 
in four to seven lane roads. In contrast, Council and Stewart (2000) found a 40 – 60% 
reduction in collisions after two lane roads were converted to four lanes. 
Some studies have also examined the relationship between the number of lanes 
entering an intersection and motor vehicle collisions. Since a greater number of lanes 
infer larger traffic volumes, it is believed that the probability of sustaining possible 
injuries in crashes increases. A study examining overall characteristics of red light 
running crashes occurring in Florida between 1999 and 2001, found several crash factors 
including number of lanes were significantly associated with the risk of red light running 
crashes (Yan et al. 2005). Similar results were found within three Southeast cities in 
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Virginia, whereby red light running rates on urban roads were higher for intersections 
with a greater number of lanes (Porter and England, 2000).  
Collision rates can be thought as an effective method of measuring motor vehicle 
crash risk since exposure is considered. Collision rates are calculated by dividing the 
crash frequency for a period of time by the estimated average annual daily traffic 
(AADT) of vehicles entering for all approaches at a site (e.g. intersection) during the 
same time period. Collision rate provides an improvement for comparison of different 
sites than frequency alone. Using simple collision rates to determine high risk road sites, 
though, has several disadvantages. First, it is assumed that collision frequency and 
volume have a linear relationship, but research suggests that lower volumes can 
experience greater collision rates (Lord, Washington, and Ivan, 2005; Harwood et al. 
2000). Therefore, the relationship between crash frequency and AADT is non-linear (Qin 
et al. 2004). Second, collision rates, as with collision frequency, do not consider collision 
severity. Sites with high collision rates may have relatively few casualty (fatal and injury) 
collisions. Finally, studies indicate that both exposure and risk may depend on not only 
AADT but additional factors, all of which interact with one another, therefore safety 
performance functions (SPF’s) are developed to determine which variables contribute to 
motor vehicle collisions. Previous studies that develop SPF’s to determine risk factors for 
motor vehicle collisions commonly include AADT as a variable of exposure. Hall and 
Hurtado (1992) analyzed the relationship between roadway congestion and the level of 
safety at 400 urban signalized intersections within Albuquerque, New Mexico. Three 
year historical crash data along with intersection traffic volumes were obtained for each 
intersection. Using a least-squares regression model, the authors determined that as total 
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entering volume increased, there was a corresponding increase in crash frequency. When 
crash rate as a function of total entering volume was considered, the relationship was 
weak, however, still statistically significant. A study conducted by Mehta and Lou (2013) 
developed and calibrated SPF’s for two-lane, two-way rural roads and four lane divided 
highways within Alabama. SPF’s were developed using negative binomial and poison-
gamma regression models. The authors determined that the best SPF model described 
mean collision frequency as a function of AADT, road segment length, lane width, year, 
and speed limit. A second study by Brimley et al. (2012) developed and calibrated SPF’s 
for rural two-lane two-way road segments in Utah using negative binomial regression 
models. Crash data from 2005 – 2007 was obtained to develop and calibrate four SPF’s.  
The authors found that AADT, road segment length and speed limit, and percentage of 
AADT composed of multiple-unit trucks were significantly correlated with motor vehicle 
collision frequency. Greibe (2003) created an accident model to predict the expected 
number of crashes at urban junctions within Denmark. The model was based on crash 
data at 1036 intersections. Generalized linear modeling was employed to relate accident 
frequency to predictor variables. It was found that although there was difficulty in 
achieving stable and significant explanatory variables, AADT explained more than 90% 
of the variation in motor vehicle crashes. 
To properly evaluate these factors, the following proposal will address RTM, 
spillover effect, and other confounders to assess the effectiveness of RLCs within a major 
metropolitan area by addressing the following questions:  
1: What methodologies have been employed in well-designed RLC studies? 
2: What statistical models are the most appropriate when analyzing a RLC study? 
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3: What is the effect of RLCs on the injury collision incidence?  
Study Rationale 
Studies examining the effect of RLC’s have shown reductions in violations and 
overall and right angle collisions however they may also result in increases in rear-end 
crashes (Retting & Kyrychenko, 2002; Retting & Ferguson, 2003). Despite their apparent 
effectiveness, many RLC studies have failed to account for biases such as RTM and 
spillover effects. Many studies examined sites with RLC installation based on high 
violation, crash, or crash-related injury history. A criterion for RLC implementation is to 
select intersections with high overall crash numbers, red light running crashes, and/or 
citations (NHTSA, 2010b). Since RLCs are typically installed at sites with high violation 
and/or crash frequency instead of random assignment, any reductions in the event 
analyzed may be due to RTM, that is, data that falls in line with the average results found 
in the area, regardless of intervention implementation. RTM occurs when unusually high 
or small numbers of crashes tend to be followed by measurements that are closer to the 
long term average. Not accounting for RTM may overestimate the benefits of RLCs. 
Studies which have controlled for RTM have found lower rates of crashes and injuries 
(Retting & Kyrychenko, 2002).  
Another bias which can occur during an RLC study is spillover. Analyzing the 
impact of RLCs requires an appropriate selection of control sites. Improper selection can 
result in underestimating the effect of RLCs due to spillover. This is caused by RLCs 
influencing a driver’s behavior to sites that extend beyond the camera equipped 
intersections. As a result, the non-equipped sites will also experience a decrease in red 
light crashes. Although spillover may bring out a positive, area-wide effect, that is, a 
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reduction in crashes and injuries for both RLC and nearby non-treatment sites, it is 
sometimes not accounted for in crash intervention studies. Among the few studies that 
accounted for spillover, all found some degree (Retting et al., 1999; Retting & 
Kyrychenko, 2002; Retting & Ferguson, 2003). Controlling for spillover effects also 
resulted in greater reductions of all and right angle crashes as well as reduced increases in 
rear-end collisions (Shin & Washington, 2010; Erke, 2009). Despite this evidence, studies 
which accounted for spillover examined intersections located within small jurisdictions. 
It is possible that since these cities are small in area, all non-camera sites will be within 
close proximity to an RLC site, thus increasing the likelihood for spillover. To date, it is 
unknown whether the effects of RLCs would extend to sites isolated from camera-
installed sites within large metropolitan areas. 
Research Objectives  
The objective of this proposal is to assess whether RLCs are effective in 
improving safety at signalized intersections within Miami-Dade County. Specific 
objectives include:  
Objective 1: Investigate the methodologies used in well-designed RLC studies 
Objective 2: Investigate which statistical models are most appropriate for RLC studies 
Objective 3: Determine whether RLCs reduce the rate of injury crashes associated with 
red light running within Miami-Dade County 
Specific Aims 
Aim 1:  To determine which methodologies should be employed in a well-designed RLC 
study by performing a literature review examining previous research.   
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Aim 2:  To determine the most appropriate statistical model to properly estimate the 
effectiveness of RLC’s.   
Aim 3:  To determine whether RLC’s reduce the incidence of injury crashes within a 
major metropolitan city while controlling for factors typically not accounted for such as 
RTM, spillover effects, and an intersection’s geometric characteristics. 
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Abstract 
Objective: To examine the available scientific evidence based on peer-reviewed 
publications concerning the effectiveness of Red Light Cameras (RLCs) within the U.S. 
traffic system. 
Methods: Relevant literature published prior to December 2012 was retrieved from the 
PubMed, Medline, and Engineering index databases using free-text term queries. 
Jurisdictions with either a fixed number of RLCs studied or area wide programs within 
the U.S. were included. RLC studies with additional interventions were excluded. Eight 
RLC studies were extracted and grouped into three categories based on outcome 
measures: violations, crashes, and injuries/fatalities.  
Results: All eight studies reviewed showed significant reductions in the frequency/rate of 
violations, crashes, and injuries at intersections after RLC implementation. RLC 
interventions appear to decrease violations, crashes, and injuries at intersections. 
Conclusions: Despite limited peer-reviewed publications available in the literature, 
RLCs have been shown to decrease violations, crashes, and injuries at intersections. 
Some studies however, contained methodological shortcomings. Therefore, results should 
be confirmed with stronger methodological approaches. Although spillover effects 
appeared to be evident, many of the jurisdictions examined were small in area. Thus, it is 
unknown whether spillover resulting from RLCs would have similar effects in large 
metropolitan areas. To determine the full public health impact of RLC programs, crashes, 
injuries, and fatalities should be considered as primary outcomes of interest. To 
accomplish this requires a clear definition of which types of crashes will be included for 
RLC studies. Lastly, it is unknown whether RLCs would be effective in reducing crashes 
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resulting from distracted or alcohol impaired drivers. Future studies should examine the 
effects of RLCs by exclusively analyzing these crash types.  
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Introduction 
In the United States, motor vehicle crashes are the leading cause of death among 
individuals aged 5 – 34 years (Centers of Disease Control [CDC] 2011a). Among this age 
group, 18,266 persons were killed as the result of motor vehicle crashes during 2007, 
representing 22% of overall deaths and 55% of injury-related deaths (CDC 2011b).  
Motor vehicle occupants comprise the majority of crash victims, accounting for 83% of 
all related fatalities, most of which are either car or light truck passengers (National 
Highway Traffic Safety Administration [NHTSA] 2011a).  Crashes also produce an 
enormous burden not only in terms of injury and lives lost but in cost. During 2005, the 
cost of crash-related deaths and injuries was estimated to be $99 billion (Naumann et al. 
2010).  
Roads have a major effect on crash risk since their conditions impact how 
motorists perceive their environment. Road design such as road surface, lane width and 
street markings can influence a vehicle’s speed (Edquist et. al, 2009).  Moreover, poorly 
designed or maintained roads may influence the frequency and severity of motor vehicle 
crashes (Zaloshjna & Miller, 2009).  Road signs and traffic control signals also provide 
instructions for road users (i.e. drivers, bicyclists, pedestrians) to limit crashes.  
Intersections, however, may pose greater crash risk since at least two roads cross 
each other and driver actions such as turning left, right, or crossing over have the 
potential for conflicts. Although intersections represent a very small fraction of the U.S. 
roadway system, a significantly large proportion of crashes take place at these locations 
(NHTSA 2010). During 2008, approximately 40% of U.S. crashes occurred at an 
intersection, of which over half (52%) took place at roads with traffic signals (NHTSA 
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2010). This indicates an excessive proportion of crashes transpire at signalized 
intersections considering they constitute only 10% all intersections within the U.S. 
(Federal Highway Administration, 2000). Crashes at signalized intersections can result in 
large numbers of injuries and fatalities. Nearly one-third of traffic signal crashes resulted 
in at least one occupant injury (NHTSA 2010). Despite national prevention efforts 
targeting this public health problem, the percentage of fatal crashes occurring at 
intersections with traffic signals increased 5% between 2000 and 2009 (NHTSA 2001; 
NHTSA 2011b). Many crashes at signalized intersections can be attributed to drivers 
running red lights.  
Red light runners account for 22% of urban collisions and over one-fourth of all 
injury collisions (Retting et al. 1995). According to the U.S. Department of 
Transportation, approximately 56% of Americans acknowledge running a red light 
(Romano et al. 2005). Recent research has concentrated on the characteristics of drivers 
who run red lights. Red light runners involved in fatal crashes were slightly more likely 
to be males under the age of 30 years (Retting et al. 1999). This group may be 
disproportionately involved in red light running crashes since they tend to drive more 
recklessly than other gender/age groups (Huang et al. 2008).  
Drivers with declining visual ability may also pose a greater risk of running red 
lights. For example, drivers between the ages of 67 and 87 years who scored poorly in 
visual attention tests were 10% more likely to run red lights (West et al. 2010). Older 
drivers are also prone to being seriously injured due to running red lights. Elderly drivers 
were 70% more likely versus all other ages to be severely injured when involved in red 
light running crashes (Huang et al. 2008). Furthermore, increased frailty due to reduced 
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bone mass, osteoporosis, and decreased muscular strength is more likely in older 
individuals (Nicaj et al. 2006) resulting in greater risks of severe injury following a motor 
vehicle crash. Nearly three-fourths (72%) of elderly drivers over age 70 were fatally 
injured in red light running crashes as compared with 29% of drivers younger than 20 
(Retting et al. 1999).  
The prevalence of red light running is also higher among individuals with atypical 
driving behaviors. Among drivers that had consumed alcohol, the prevalence of red light 
running was 54% greater than that of other drivers (Romano et al. 2005). Additionally, 
lack of seat belt use was more prevalent among red light runners. Other studies have 
shown that drivers without valid licenses or with prior traffic violations are also more 
likely to run red lights. Among fatal crashes involving a traffic signal, red light runners 
were more likely to have either suspended, revoked, or invalid licenses (Retting et al. 
1999). In addition, red light runners were also more likely to have at least two traffic 
violations and previous driving under the influence (DUI) violations. Romano, et al. 
2005, found a high prevalence (72%) of fatal red light running collisions among drivers 
with previous DUI convictions. 
Several interventions have been proposed to decrease the risk of red light running 
crashes, including police enforcement, educational campaigns, and engineering 
modifications such as signal timing changes. Red light cameras (RLCs), however, are 
increasingly being used to discourage red light runners and decrease related crashes. 
RLCs have been used internationally since the 1970’s, while the first U.S. red light 
camera program was developed in the early 1990’s (Retting et al. 1999). This 
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intervention can assist in decreasing red light running by automatically photographing the 
license plates or drivers of vehicles who run red lights.  
Cameras are typically placed in a corner of an intersection and are activated by 
sensors embedded under the road. When a vehicle enters the magnetic field at a minimum 
speed during a red light, the camera systems activate and begin recording the incident. 
Pictures are then taken of the vehicle entering and leaving the intersection, in addition to 
a zoomed photo of the license plate. Moreover, the camera records the date and time the 
driver ran the red light. The photograph is subsequently reviewed by an officer and if 
they determine a violation occurred according to state/local laws, a ticket is usually 
issued to the owner of the vehicle. In some states, such as California and Colorado, 
however the driver is liable for paying the citation (Insurance Institute for Highway 
Safety, 2013). The benefit of this intervention is that police presence is not required. A 
driver may be more inclined to run a red light if they do not observe any law enforcement 
present at the intersection. RLCs counter this by helping enforce traffic laws without the 
presence of police.  
Early RLC studies were mixed on whether they were effective. A study conducted 
in Sydney Australia, examined sixteen red light camera sites matched to sixteen controls 
based on crash history, traffic volume, and intersection geometric characteristics for two 
years before and after enforcement (Hillier et al. 1993). Treatment and control sites were 
grouped according to whether a camera was active for long or short periods of time. A 
log-linear model was used to examine for any differences in the change of right angle, 
turning (right/left), rear end, and injury crashes. The authors found a significant reduction 
in injury crashes, a non-significant decrease in total crashes, while experiencing increases 
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in right angle and rear end crashes. The author concluded that cameras should only be 
placed at sites with a clear history of high crash frequency. A review of this study noted 
that results may have been influenced by warning signs being placed at all camera 
intersections (McGee & Eccles, 2003). It is thought that spillover effect may be more 
pronounced if warning signs are placed on streets upon entering a jurisdiction with RLCs 
(McGee & Eccles, 2003). Moreover, Hillier (1993) stated no clear information was 
provided regarding the statistical methodology, other than a log-linear model was used. 
A study conducted in Adelaide, South Australia examined crash change at eight 
camera and fourteen similar control sites five years before and after implementation 
(Mann et al. 1994). Yellow phases at several camera sites were also increased from three 
to four seconds during the program’s introduction. The authors found a slight reduction in 
overall crashes at camera sites. There was also a significant reduction at those camera 
sites with additional modifications compared to control sites. The author, however 
acknowledged that cameras were installed at high risk intersections, thus the treatment 
and control groups were not comparable and that RTM could have influenced their 
results and examining a small number of sites likely prevented a statistical detection of 
small effects (Mann et al. 1994). Moreover, the author could not separate the effect of 
RLC’s at sites with yellow phase increases.  
Several studies regarding the lack of effectiveness regarding RLC’s have also 
been released. A study conducted in Greensboro, North Carolina examined 303 
intersections, eighteen of which had an RLC installed (Burkey & Obeng, 2004). Crash 
data was obtained from January 1999 through September 2003. A regression model was 
developed adjusting for several variables including speed limit, Average annual daily 
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traffic (AADT), number of straight through and left turn lanes, and weather conditions. 
The authors stated that RLCs were associated with a 42% increase in overall crashes, a 
78% increase in rear-end crashes, and a nonsignificant 12% decrease in right-angle 
crashes. A review of this study was provided by Kyrychenko & Retting (2004) who 
stated that this research contained several weaknesses which invalidated conclusions. 
One limitation was that the authors’ selections of controls, signalized intersections 
without RLCs, were within the same community. Since publicity generally makes drivers 
aware a city is using RLCs assigning control sites within the same community is likely to 
produce underestimates of the benefits associated with red light camera enforcement. 
Kyrychenko & Retting also stated that the cameras were increasing crashes due to an 
erroneous statistical model which failed to account for the fact that RLCs are normally 
installed in locations with a history of high crashes.  
A second study examined the impact of RLCs in six Virginia jurisdictions based 
on seven years of crash data (January 1998 through December 2004) (Garber et al. 2007). 
The authors examined 3,500 crashes occurring at 25 sites with RLCs and 48 comparison 
intersections. Several analytic techniques were implemented including simple before-
after comparisons and Empirical Bayes approaches. Results varied depending on the type 
of crash, jurisdiction, and analysis employed. The authors found an increase in rear-end 
crashes and decreases in red light running crashes. They also found significant variation 
in the change in crashes by intersection and jurisdiction.  
A subsequent review of this paper also found several flaws with the methodology 
employed (Persaud et al. 2008) who noted that the only effective analytic technique used 
was the Empirical Bayes method, since this model exclusively accounts for regression to 
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the mean (RTM) and changes in factors such as traffic volume, weather, and driving 
habits. Several of the Empirical Bayes models applied were erroneous since the process 
used to predict the expected number of crashes at the enforced intersections if no camera 
was present was likely underestimated. Issues with the models included large numbers of 
potentially correlated independent variables and small sample crash sizes, producing 
unstable and unreliable parameter estimates. Additionally, the mean number of crashes at 
the camera sites for all six jurisdictions during the pre-enforcement period was 
substantially higher than comparison intersections, biasing the crash effect estimates. 
Third, comparison sites were located within the jurisdictions with RLCs. Lastly, there 
were large fluctuations in traffic volumes at some intersections for consecutive years. The 
reviewers concluded the Garber study should not be used as guidance to communities 
considering RLC use (Persaud et al., 2008). 
A literature review conducted in 2003 examined several RLC studies conducted 
internationally including some previously discussed (Sydney and Adelaide, Australia). 
Findings indicated red light camera enforcement generally reduced violations by 40 – 
50% and injury-related crashes by 25 – 30% (Retting et al. 2003). Although Retting’s 
review provided valuable information, the majority of these older studies contained 
several limitations and were not published in peer-reviewed scientific journals, where 
methods and analyses are heavily scrutinized to meet a high standard of quality and 
validity. Furthermore, several of the reports examined took place outside the United 
States, where traffic laws, driving behaviors, road sign terminology, vehicle safety 
standards, and road design can vary greatly (Spicer et al. 2005; World Health 
Organization 2009). The purpose of this current review is to examine the available 
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scientific evidence pertaining to the effectiveness of RLCs within the United States traffic 
system, based on more recent peer-reviewed publications. 
Methods 
Search Strategy 
During January 2013, studies pertaining to RLCs were retrieved from the 
PubMed, Medline, and Engineering Index (Compendex) electronic databases. The 
following free-text terms were used in “All fields” to search for relevant articles: “red 
light camera*”, “red-light camera*”, “red light runn*”, “red-light runn*”, “red light 
crash*”, “red-light crash*, “red light inj*”, “red-light inj*”, “red light viol*”, and “red-
light viol*”. 
Study Selection and Outcome Measures 
The search was limited to articles published prior to December 31, 2012. 
Jurisdictions with either a fixed number of RLCs studied or area-wide programs within 
the United States were included. In order to be selected, studies had to provide results 
related to any of the following primary outcome variables being measured: a) Red Light 
Running Violations; b) Motor Vehicle Crashes; or c) Crash Injuries/Fatalities. In order 
for the intervention to be effective, a significant reduction after camera implementation 
was needed for any of the three aforementioned outcomes. Red light camera studies with 
additional interventions (e.g. change in yellow light timings or other engineering 
modifications) were excluded. Other exclusion criteria included whether cameras 
detected, in addition to red light running, driving speed. None of the studies examined 
cameras that ticketed both red light runners and speeding drivers.  
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Results 
Studies with Violations as Primary Outcome Variable 
Despite RLCs being used in the U.S. since the 1990’s, only a small number of 
studies using violations as the primary outcome variable have been published. Table 1 
lists four evaluations pertaining to the effects of RLCs on signal violations in following 
locations: (Virginia Beach, Virginia; Fairfax, Virginia; Oxnard, California; and Jefferson 
Parrish, Louisiana). All four studies indicated a significant reduction in violation rates for 
red light camera sites, ranging from 40 – 94%. Similarly, non-camera intersections also 
experienced 26 – 50% reductions in violations, indicating spillover effects. 
All four studies employed a before-after design, examining violation rates at 
intersections prior to and after implementation of RLCs, three of which used control sites 
for comparison. The largest declines were experienced in Virginia Beach where two of 
three RLC sites displayed a 100% reduction in violation rates from baseline levels. The 
smallest declines were observed in Fairfax and Oxnard, each experiencing a 40% average 
reduction in violation rates. One study (Wahl et al. 2010), which examined only one 
intersection within Jefferson Parrish and no comparison sites, found an 85% significant 
decline in the number of weekly violations between the warning period (September and 
October, 2007) and June 2008 with the steepest decreases occurring the first four months 
of enforcement.  
Despite the evidence suggesting benefits of red light camera utilization, several 
matters should be addressed. The majority of studies examined sites with RLC 
installation based on high violation, crash, or crash-related injury history. The Jefferson 
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Parrish site was considered one of the 10 most dangerous intersections in the U.S. (Wahl 
et al. 2010).  
Only one jurisdiction (Martinez et al. 2006) employed additional measures to 
select intersections for RLC implementation (daily traffic volume and plans for 
engineering modifications). According to the NHTSA (2010), administrative criteria for 
the implementation of RLCs include: 1) At historically dangerous intersections based on 
overall crash numbers, red light running crashes, and/or citation data; 2) At intersections 
where engineering studies concluded that road improvements, driver education 
initiatives, or other countermeasures cannot be implemented or would not reduce the 
number of crashes related to red light running; and 3) Suggestions from law enforcement 
and traffic safety professionals as well as input from community groups including citizen 
complaints regarding red light running. Since RLCs are typically installed at sites with 
the highest number of violations and/or crashes instead of random assignment, any 
reductions in the event analyzed could simply be due to RTM, that is data that falls in line 
with the average results found in the area, even with or without any intervention 
implementation. As previously concluded by Retting (2003) failure to account for RTM, 
may overestimate the benefits of RLCs. There are several ways to account for this 
weakness, including randomly selecting RLC and control sites or employing Bayesian 
analysis, however none of the four studies employed these methods.   
Three studies addressed for potential spillover effects (Table 1), which are caused 
by red-light cameras influencing a driver’s behavior to extend to sites beyond the camera-
equipped intersections. Consequently, the non-equipped sites experience a decline in red 
light crashes, resulting in an underestimate of the benefits of RLCs. Spillover effects 
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were addressed by selecting both 1) non-camera sites within the same city enforcing 
RLCs and 2) sites in jurisdictions without an RLC program. Retting et al. (1999a) 
examined five intersections with RLCs in Fairfax City. Two additional intersections in 
Fairfax without RLCs were selected to examine for potential spillover effects. In Oxnard, 
California, Retting et al. (1999b) examined nine sites with RLCs and three non-camera 
sites within city limits. In addition, both studies examined violation rates at signalized 
intersections located in other jurisdictions without an RLC program to assess whether 
drivers were more likely to commit violations in areas without camera enforcement. 
Results indicated a large spillover effect within both areas. In Fairfax City, the non-
camera intersections experienced a 14 and 34% reduction in violation rates three months 
and one year after enforcement, respectively. During the same time period, the 
intersections outside of Fairfax showed no change in violation rates neither at 3 months 
nor 1 year. Similarly, violation rates at non-camera sites within Oxnard declined 50% 
four months after enforcement, while control sites beyond city limits only showed a 4% 
reduction. Comparisons of three camera and three non-camera sites within Virginia 
Beach found no significant differences in red light running odds. In addition, red light 
running was 1.95 times as likely to occur at two control sites located outside of Virginia 
Beach, thus suggesting a spillover effect as well.  
 Data collection duration also varied for each study, ranging from three months to 
one year. Two (Retting et al. 1999a; Retting et al. 1999b) compared violation rates prior 
to and three months after RLC enforcement, however results were inconclusive. One 
measured violation rates in Fairfax at camera and non-camera sites three months and one 
year after enforcement (Retting et al. 1999a). Results suggested that violation rates did 
 30 
not significantly decline after three months, however a significant decrease was shown 
after one year.  In contrast, violation rates in Oxnard significantly declined 42% for 
camera versus non-camera sites three months after enforcement (Retting et al, 1999b). 
Lastly, representation bias was also possible for some studies. For example, Martinez 
(2006) examined three camera and three non-camera sites within Virginia City and two 
control sites in a second city. Observations were recorded for five phases during an eight 
month period. Each observation phase was from 4:00 – 6:00 pm for approximately 10 - 
14 days. Although results indicated red light running was 1.95 times as likely for the 
control versus camera sites, all observations were recorded during rush hour traffic, thus 
results may not have been representative of regular driving patterns.   
Studies with Motor Vehicle Crashes as Primary Outcome Variable 
A small number of publications exist pertaining to the impact of motor vehicle 
crashes from red light camera installation. Table 2 lists studies comparing crash data 
before and after RLC installation. Although each showed little change in the overall 
number of crashes, all reported significant reductions in right angle and red light running 
crashes, which are typically associated with greater injury severity. In contrast, rear end 
crashes increased or were unchanged at camera sites.  
Two studies employed Bayesian analysis to control for RTM. In Arizona, Shin 
and Washington (2007) examined the impact of RLCs to reduce crashes on 24 
intersections in Scottsdale and Phoenix, Arizona. In Scottsdale, a simple before-after 
methodology was designed using Empirical Bayes analysis, while in Phoenix a before-
after study with comparison group was used. Bayesian analysis was not employed for the 
Phoenix comparison. In Scottsdale, the authors found, 1) a non-significant 20% decline in 
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right angle crashes, 2) a significant 45% decrease in left turn crashes, and 3) a significant 
41% increase in rear-end collisions. In Phoenix, right angle crashes declined by 42% 
while rear-end crashes increased by 20%, both of which were significant. No change in 
total crashes was evident for either city.  
Hallmark et al. (2010) employed a Bayesian analysis to compare crash incidence 
at four intersections with RLCs to five control sites in Davenport, Iowa. Control sites 
were similar to red light camera intersections with respect to traffic volume and crash 
frequencies. Crashes were then further divided as red light running/rear-end and 
separately analyzed. The authors found a barely significant 20% decline in the rate of 
total collisions at red light camera intersections (95% CI: 0.01 – 1.97) and a 40% 
reduction in red light running crash rates (95% CI: 0.06 – 1.4) for the camera sites. No 
difference in red light running crashes was observed for the control intersections. Lastly, 
no change in rear-end crashes was evident for either the treatment or control sites.  
A third evaluation conducted in Texas assessed the crash frequency of 275 
intersections with RLCs in 38 communities. Crash records were analyzed for one, two, 
and three year periods immediately prior to and after RLC activation. Crashes were 
grouped into two types – red light and non-red light related. Overall, right-angle, rear-
end, and other crashes were compared by crash type prior to and after camera activation 
for each time period. Results indicated that overall crashes attributed to red light running 
declined 10% after one year and 21% after three years. In contrast, non-red light related 
crashes increased 4% after one year and declined 8% after three years. Right-angle 
crashes attributed to red light running declined by 19% after one year and 26% after three 
years. Non-red light running right angle crashes experienced little change after one year 
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and declined by 9% after three years. Rear-end collisions attributed to red light running 
(defined by the authors as a lead vehicle which braked suddenly for a yellow signal and a 
trailing vehicle struck the lead vehicle from behind) doubled for one, two, and three years 
after camera activation. In contrast, non-red light running rear end crashes experienced 
little change after three years. In this study, RTM may not have been a factor since large 
numbers of intersections were measured during several time periods. Reductions in RTM 
can occur by increasing the number of measurements since it reduces the variability of 
the subject being assessed (Barnett et al. 2005). 
Although RTM was generally accounted for, all were unable to control for 
spillover effects despite evidence pointing to its presence. In Arizona, the authors 
observed a spillover effect within Scottsdale, however, they did not control for this bias 
(Shin 2002). Similarly, Persaud (2005) detected a modest spillover effect in right angle 
crashes at untreated sites. Lastly, control sites within Davenport were within close 
proximity to the RLC intersections (Hallmark 2010). By not selecting adequate control 
sites for comparison, the effect of crashes from red light camera installation may have 
been underestimated. It is believed that in order to fully control for spillover effects, 
control sites should be situated away from the jurisdiction enforcing RLC’s as well as its 
associated publicity (McGee and Eccles 2003).  
Another methodological complication lies in how crashes should be defined, 
which were not consistent for each study. For example, left turn crashes were examined 
in Arizona but excluded in Davenport. If all left turn crashes are classified as red light 
running, it may produce an overestimate in the frequency of collisions since some involve 
vehicles where one driver turns left during an unprotected green light, while a second is 
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traveling straight on the opposite roadway amidst a green light cycle. Inclusion of other 
crash types for analysis was also conflicting. In Arizona, crashes resulting from the 
physical condition of drivers (i.e. under the influence, distraction), were excluded. In 
contrast, no such exclusion was specified in the Davenport study.  
Studies with Injury Crashes as Primary Outcome Variable 
Table 3 identifies only two published studies which analyzed injury crashes as a 
primary outcome, however, the authors were able to control for both regression to the 
mean and spillover effect (Retting and Kyrychenko, 2002). They compared the change in 
injury-related crashes for signalized and non-signalized intersections in Oxnard to 
Bakersfield, San Bernardino, and Santa Barbara. All four California cities were similar 
with respect to population and crashes. Within Oxnard, RLCs were installed in one 
approach at eleven signalized intersections. The other three cities, which did not have 
cameras, were used as control sites to establish that any crash decreases in Oxnard were 
due to the camera program. Crash data for both signalized and non-signalized 
intersections in Oxnard and the three control cities were compared for 29 months for both 
before and after camera installation. Crash data for each of the eleven camera-equipped 
intersections in Oxnard were aggregated for analysis. It was assumed that whatever effect 
cameras had on crash occurrence at the camera-equipped intersections would spill over to 
other signalized intersections within Oxnard. Previous studies conducted in Oxnard and 
Fairfax provided support to this assumption (Retting 1999a & Retting 1999b). A log-
linear regression model was developed to assess changes in crash occurrences, injury 
crashes, and crash types (right-angle and rear-end) in Oxnard and the three control cities 
after enforcement.  
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Results showed red light camera enforcement significantly decreased the number 
of overall crashes at all signalized and unsignalized intersections in Oxnard by 7% and 
the number of injury crashes by 29%. In addition, Oxnard experienced a 32% decrease in 
right-angle crashes and 68% reduction in right-angle injury crashes. Both of these 
reductions were significant. No difference in rear-end crashes was found. One note of 
importance was that during the study, the fine for red light running violations had 
considerably increased from $104 to $271. As a result, the increase may have been an 
additional factor in drivers avoiding red light running. An additional limitation of this 
study was the possibility of one site accounting for a large portion of the overall decrease, 
which may be more likely when examining small numbers of sites. 
A second evaluation examined RLC safety across seven U.S. jurisdictions 
(Persaud et al. 2005). Their approach sought to overcome limitations of previous RLC 
evaluations by accounting for regression to the mean, normalizing for traffic volume 
differences during before and after periods, merging data across jurisdictions to provide a 
larger sample size, and controlling for spillover effects. Red light running-related crashes 
were classified as right-angle or rear-end. Right angle and rear-end crashes were included 
if occurring within 20 and 150 feet of an intersection, respectively. Injury collisions were 
defined as crashes with at least one fatality or definite injury. A large number of sites 
were used in the analysis including 132 RLC, 408 untreated signalized, and 296 
unsignalized comparison intersections across the seven jurisdictions. Information was 
obtained regarding several variables including traffic volumes, intersection geometrical 
characteristics, other treatments applied during study period, and advance warning 
signage. An Empirical Bayes analysis was performed to assess whether red light running 
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crash (overall and injury only) incidence decreased at the treatment sites. Untreated 
signalized and unsignalized intersections were used to calibrate the safety performance 
function (SPF), which is a statistical model used to estimate average crash frequencies for 
a specific site type based on traffic volume and other characteristics. A thorough 
description of Empirical Bayes analysis and development of SPF’s can be found in Hauer 
(1997). Crash incidence was aggregated across all seven jurisdictions. The authors found 
a significant decrease in total and injury right angle crashes and a significant increase in 
rear-end crashes (Table 2). The direction of these effects were relatively consistent across 
each jurisdiction. Although results were consistent with other RLC studies, effects were 
lower, likely due to controlling for RTM. Although spillover was observed in the 
reference sites, the authors noted that other treatments at these sites may have occurred 
and thus influenced crash incidence. The authors also noted that RLC systems would 
provide a greater benefit if placed in sites with numerous right angle and few rear-end 
crashes, however, additional studies may be needed to further suggest this.  
Retting and Kyrychenko’s study period was 29 months, the longest presented in 
this review. RLC studies with longer durations is another approach to account for RTM, 
however, one must be vigilant for any engineering changes at a site. Even minor 
intersection changes made during a study such as increasing the yellow light timings or 
placing advance warning signs to make drivers aware of RLCs, could render any 
comparisons invalid. 
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Discussion 
Despite the use of RLCs in the U.S. over the past two decades, this literature 
review encountered only nine articles published in scientific journals regarding their 
effectiveness. Since the majority of these findings contained methodological 
shortcomings, a greater number of studies are needed to strengthen the conclusion that 
RLCs in the U.S. reduces crashes and related injuries. It is possible that some publication 
bias may have occurred since “positive” results were more likely to be published and thus 
included in this review. Including unpublished studies, however, could also bias results 
by introducing research methodologies that are atypical to those presented. Unpublished 
studies not only result from obtainment of non-significant findings, but from major 
methodological or measurement data flaws as well. Searches for unpublished studies may 
increase the possibility for selection bias (Ferguson 2012). In reviewing both published 
and unpublished RLC studies, Retting (2003) stated that results varied considerably 
partially due to the methodological weakness of the studies. 
Since only two studies examined RLCs with advance warning signs (Retting 2002 
& Persaud 2005), it is unknown whether they played a factor on results. Many 
communities may erect advance warning signs at camera-equipped intersections to warn 
motorists of camera enforcement. It is unknown whether these signs would affect a 
driver’s behavior when approaching a camera-equipped intersection, therefore additional 
studies may be required to determine its effect. 
Gaps/Future Studies 
An important factor that may influence red light running is an intersection’s 
environmental characteristics. Intersection designs can be comprised of its geometric 
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attributes (number of lanes, cross intersection) or traffic control features (speed limit). 
Although several studies have examined the relationship between the street design and 
number of traffic collision occurrences at intersections, (Abdel-Aty 2005, Bonneson 
2004, Wang 2008, and Papaioannou 2007) none have assessed which locations may 
benefit the most from camera installation to reduce injuries associated with red light 
running. Since red light running is a leading cause of traffic collision-related injuries at 
signalized intersections, examining the impact of cameras on changes in injuries and 
reviewing the environmental characteristics can provide a foundation to better understand 
the impact of injury reduction through camera installation and its corresponding 
intersection design. 
Although spillover effects may bring out a positive, area-wide effect, that is, a 
reduction in crashes and injuries for both RLC and nearby non-treatment sites, it is 
sometimes not accounted for in crash intervention studies. Among the few studies that 
were able to adequately do so, all found some degree of spillover (Retting 1999b; Retting 
2002; and Retting 2003). It must be noted though that some RLCs examined were located 
within small jurisdictions. For example, Oxnard and Fairfax City have a land area of 27 
and 6 square miles, respectively (U.S. Census Bureau, 2012). It is possible that since 
these cities are small in area, all non-camera sites will be within close proximity to an 
RLC site, thus increasing the likelihood for spillover effects. To date, it is unknown 
whether the effects of RLCs would extend to sites isolated from camera-installed sites 
within large metropolitan areas. To better understand spillover effects, subsequent 
research could select control sites located at a minimum distance from RLC intersections.  
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Violations have been generally used as the primary variable of interest to 
ascertain the effectiveness of RLC studies, nevertheless to determine the full public 
health impact of RLC programs, injuries and fatalities should be used as the primary 
variable of interest. To our knowledge, only two published studies have investigated the 
effect of RLCs on injury crashes, however, they effectively controlled for both regression 
to the mean and spillover effects (Retting & Kyrychenko 2002; Persaud et al. 2005). 
Findings indicated a significant reduction in overall and right-angle injury crashes which 
are mostly associated with red light running violations (Retting 2002). Despite this 
finding, the change in level of injury (i.e. fatalities, major/minor injury) associated from 
red light running before and after camera installation was not examined. To fully 
ascertain the effectiveness of RLCs subsequent studies should examine the change in 
frequency and types of injuries after camera installation, while at the same time 
accounting for RTM and spillover, especially within larger cities. The effects of RLCs 
may differ between large and small cities since denser populations can result in lower 
travelling speeds and consequently fewer severe injuries and fatalities. Determining 
whether differences exist between large and small cities in the effects of RLCs on 
fatalities and severe injuries would enhance the existing research regarding RLCs. 
Classifying which types of crashes will be included for RLC studies need to be 
more clearly defined. All studies mentioned in this review applied different inclusion and 
exclusion criteria for crashes. When deciding crash criteria for an RLC study, certain 
collisions should be excluded such as those occurring when a driver turns left on an 
unprotected green light with oncoming traffic. The literature also does not have a clear 
distinction whether crashes involving distracted/impaired drivers should be included in 
 39 
RLC studies. It is unknown whether RLCs would reduce crashes resulting from distracted 
and alcohol impaired drivers, thus future studies could examine the effects of RLCs for 
these types of crashes alone. 
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Figures and Tables 
 
Table 1.1 Manuscript 1: 
U.S. studies of effects of red light cameras on violations
Authors Study location 
No. 
of 
Sites 
Intervention 
design  
Outcome*: Baseline &  
Percent Change 
Comments on 
methods, spillover or 
regression to mean 
(RTM) effects 
    Before After 
Change 
(%)  
Retting 
et al. 
(1999a) 
Fairfax, 
Virginia 
5 Red Light Camera Sites 36.3 20.4 -44 Controlled for 
spillover. Did not 
control for RTM 
2 Non-camera Sites 37.8 25.0 -34 
2 Control Sites 7.6 8.0 +5 
Retting 
et al. 
(1999b) 
Oxnard, 
California 
9 Red Light Camera Sites 12.9 7.7 -40 Controlled for 
spillover. Did not 
control for RTM 
3 Non-camera Sites 16.0 8.0 -50 
2 Control Sites 7.0 6.7 -4 
Martinez 
et al. 
(2006) 
Virginia 
Beach, 
Virginia 
3 Red Light Camera Sites** 13.2% 0.8% -94 Controlled for 
spillover. Did not 
control for RTM 
3 Non-camera Sites** 11.3% 8.3% -26 
2 Control Sites** 24.3% 16.7% -31 
Wahl et 
al. 
(2010) 
Jefferson 
Parrish, 
Louisiana 
1 
Red Light 
Camera Site 
 
2428 356 -85 
Spillover nor RTM 
accounted for. Control 
sites were not used. 
*Whole numbers represent number of violations. Decimal numbers represent violation rates. 
** Measured as percent last drivers who ran red lights 
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Table 1.2 Manuscript 1: 
U.S. studies of effects of red light cameras on crashes 
Authors Study 
Location 
No. 
of 
Sites 
Intervention 
Design 
Crash Type Outcome: 
% Change 
Comments on 
methods, spillover or 
regression to mean 
(RTM) effects 
Shin et al. 
(2007) 
Phoenix, 
Arizona 
14 Red Light 
Camera 
Sites 
Total 0 Controlled for RTM 
but not spillover. Not 
all findings were 
significant. No 
control group in 
Scottsdale b/c of lack 
of data. Crash 
frequency not 
provided. 
Right-Angle -42 
Left-Turn -10 
Rear-End +20 
Scottsdale, 
Arizona 
10 Red Light 
Camera 
Sites 
Total -11 
Right-Angle -20 
Left-Turn -45 
Rear-End +41 
Hallmark, 
et al. 
(2010) 
Davenport, 
Iowa 
4 Red Light 
Camera 
Sites 
Total -20 
Controlled for RTM 
but not spillover.   
*RLR -40 
Rear-End 0 
5 Control 
Sites 
Total +7 
*RLR +20 
Rear-End +34 
Walden &  
Bochner 
(2011) 
Texas 275 Red Light 
Camera 
Sites 
* Total RLR  -21 
RTM likely not a 
factor due to large 
sample and multiple 
measurements.              
Spillover was 
possible since no 
sites without RLCs 
were used for 
comparison. 
* Total  
  Non-RLR -8 
* RLR  
Right-Angle -26 
* Non-RLR  
  Right-Angle -9 
* RLR  
  Rear-End +106 
* Non-RLR    
  Rear-End -1 
Persaud et 
al. (2005) 
 
 
 
 132 Red Light 
Camera 
Sites 
Right-Angle 
(Total) -25 Employed Empirical    
Bayes analysis. 
Found evidence of 
spillover effects at 
reference sites.              
Right-Angle 
(Injury) -16 
Rear-End 
(Total) +15 
Rear-End 
(Injury) +24 
RLR – Red Light Running 
(*) - % Change 3 years after RLR activation 
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Table 1.3 Manuscript 1: 
U.S. studies of effects of red light cameras on injuries
Authors Study location 
Intersection 
Type  
Injury 
Crashes 
(Before) 
Injury 
Crashes 
(After) % Change  Comments  
Retting et 
al. (2002) 
Oxnard, California 
Signalized 
Intersections 
299 239 -20.1 
Controlled for 
both spillover 
and RTM. 
 
Non-Signalized 
Intersections 173 194 +12.1 
San Bernandino, 
California 
Signalized 
Intersections 239 246 +2.9 
 
Non-Signalized 
Intersections 204 225 +10.3 
Santa Barbara, 
California 
Signalized 
Intersections 89 84 -5.6 
 
Non-Signalized 
Intersections 113 115 +1.8 
 
Bakersfield, 
California 
Signalized 
Intersections 243 233 -4.1 
 Non-Signalized 
Intersections 245 241 -1.6 
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MANUSCRIPT 2 
Identification of an accident prediction model for red light camera analyses 
Abstract 
Objectives:  Determining whether red light cameras (RLC’s) are effective is difficult for 
several reasons. One issue is the phenomenon known as regression to the mean (RTM). If 
not accounted for, results may be biased in estimating the benefit of RLCs. Empirical 
Bayes (EB) analyses allow researchers to account for RTM by estimating the number of 
collisions based on crash counts prior to RLC installation at treatment and comparison 
sites. EB methodology requires an accident prediction model which is a multivariate 
regression formula that fits collision data for comparison intersections to an independent 
set of variables that may be expected to affect safety. Recent crash studies have utilized 
Poisson, negative binomial, and gamma regression models to develop accident prediction 
models. Since the distribution of motor vehicle crashes can be overdispersed or 
underdispersed, the most appropriate model must be determined using goodness of fit 
testing. The purpose of this study is to develop an accident prediction model for motor 
vehicle crashes occurring in Miami-Dade County, Florida during 2008-2011. 
Methods:  Motor vehicle crash data were extracted from the Florida Department of 
Motor Vehicle and Highway Safety dataset for 40 intersections within Miami-Dade 
County, Florida for development of an accident prediction model (i.e. safety performance 
function. Each intersection selected was matched at least one of 20 intersections with red 
light cameras (RLC’s) using selected geometric variables (number of lanes & speed limit 
for major and minor roads) and average daily traffic. In addition, each intersection 
examined was at least 2 miles away from any RLC site. The dependent variable 
 50 
examined was the number of injury crashes occurring at each intersection between 2008 
and 2011. Poisson, negative binomial, and gamma model distributions were compared 
using goodness of fit tests. To measure the goodness of fit tests, the following criterions 
were used: Pearson’s chi square (χ2), scaled deviance (G2), and Akaike Information 
Criterion (AIC). 
Results:  The negative binomial distribution was the best fit among the three models. 
Inspection of the observed data also suggested that the outcome variable’s distribution 
was overdispersed. The negative binomial model achieved a Scaled Deviance/DF of 1.22 
and a Pearson Chi-Squared/DF ratio of 1.09. In contrast, the Poisson model resulted in a 
scaled deviance/DF and chi square/DF ratios of 5.17 and 5.06, respectively. The log 
likelihood ratio for the two models resulted in a chi square value of 76.14 suggesting that 
the negative binomial distribution a better fitting model. The gamma distributed model’s 
scaled deviance/DF and log-likelihood values were similar to the negative binomial 
model, however, the gamma model’s Pearson Chi-Square/DF ratio was only 0.24. In 
addition, the AIC value for the gamma model (304.53) was slightly higher in comparison 
to the negative binomial model (303.92). The overdispersion parameter value for the 
negative binomial model was 0.16, 95% CI (0.09, 0.29). The gamma model’s dispersion 
parameter (α) was estimated to be 0.23, 95% CI (0.15, 0.35), indicating, as in the 
negative binomial model, that overdispersion was present. 
Conclusion:  This study suggested that the negative binomial regression model provided 
the best fit among the distributions examined. This study also provided guidance on the 
use of Goodness of fit testing (GOF) statistics for Poisson, negative binomial, and gamma 
models which will allow other researchers to evaluate different models. 
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Introduction 
During 2012, approximately 48% of U.S. crashes occurred at an intersection or 
were intersection-related, of which over half (53%) were signalized (National Highway 
Traffic Safety Administration [NHTSA], 2014). This indicates an excessive proportion of 
crashes transpire at signalized intersections considering they constitute only 10% all 
intersections within the U.S. (Federal Highway Administration, 2010). In addition, 
crashes at signalized intersections result in considerable numbers of injuries and fatalities. 
Approximately, 4,460 fatal crashes and 840,000 injury crashes occurred at a signalized 
intersection during 2012 (NHTSA, 2014). Despite national prevention efforts targeting 
this public health problem, the proportion of fatal crashes occurring at intersections with 
traffic signals increased 35% between 2000 and 2012 (NHTSA, 2014; NHTSA, 2001). 
Numerous signalized intersection crashes can be attributed to red light running which 
accounts for 22% of urban collisions and over one-fourth of all injury collisions (Retting 
et al. 1995). According to the U.S. Department of Transportation, approximately 56% of 
Americans acknowledge running a red light (Romano et al. 2005).  
The Insurance Institute for Highway Safety (IIHS) estimated 683 persons were 
killed as the result of a red light running crash and another 133,000 persons were injured 
during 2012 (IIHS, 2014). In addition, half of those killed in red-light running crashes are 
not signal violators, but the drivers and pedestrians who were struck (IIHS, 2007). The 
costs associated with red light running crashes are also significant. An examination of the 
safety impact of red light running crashes at intersections in the state of Texas found 
these crash types have a societal cost of $2 billion annually statewide (Bonneson and 
Zimmerman, 2004). 
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Several interventions have been implemented to decrease the risk of red light 
running crashes, including police enforcement, educational campaigns, and engineering 
modifications such as signal timing changes. Red light cameras (RLCs), however, are 
increasingly being used to discourage red light runners and decrease related crashes. 
Determining whether RLCs are effective is difficult for several reasons (Shin and 
Washington, 2007). One issue is the phenomenon known as regression to the mean 
(RTM). Since cameras are typically installed at sites with the highest number of 
violations and/or crashes instead of random assignment, subsequent reductions in the 
event analyzed could simply be due to RTM, that is, data falling in line with the average 
results found in the area, even with or without any intervention implementation. If not 
accounted for, results may be biased in estimating the benefit of RLCs (Retting et al. 
2003).  
Models that employ an Empirical Bayes analysis allow researchers account for 
RTM bias by estimating the number of collisions based on crash counts prior to RLC 
installation at treatment and comparison sites. The Empirical Bayes method requires an 
accident prediction model (i.e. safety performance function (SPF)) which is a 
multivariate regression formula that fits collision data for comparison intersections to an 
independent set of variables that may be expected to affect safety such as speed limit or 
number of straight-through lanes. SPF’s are used to assist agencies in network screening 
processes, that is, identifying sites that may benefit from a safety treatment. In addition, 
SPFs can be instrumental for countermeasure comparisons, and project evaluations (US 
Department of Transportation, 2001). To properly develop an SPF using motor vehicle 
crash data, the best fit model must be determined. Although linear regression models can 
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be thought of as a good starting point, most researchers decline to use this statistical 
method. Previous crash studies have elucidated the problems with linear regression 
models including a lack of a distribution to sufficiently explain random, discrete, 
nonnegative, and sporadic events such as motor vehicle accidents (Miaou and Lum, 1993. 
Due to these problems, subsequent crash studies have adopted other models to develop 
SPF’s including 1) Poisson regression, which is used to analyze data that are Poisson 
distributed and 2) negative binomial regression which accounts for overdispersion. 
Although these two models possess desirable characteristics to explain motor vehicle 
crashes, they are not without limitations. One difficulty is that the two models do not 
account for underdispersion, where the variance of the data is less than its mean. 
Although this phenomenon is uncommon in crash analysis, it has been observed by 
various authors (Oh et al. 2006; Cameron and Trivedi, 1988). One model that has been 
proposed to handle underdispersion is the gamma probability count model (Winklemann 
& Zimmermann, 1995). This model can handle both over-dispersion and under-
dispersion and reduces itself to a Poisson model when the variance is roughly equal to the 
mean of the number of crashes. Since several types of models are used to develop an 
SPF, goodness of fit testing can be employed to select the most appropriate distribution. 
The purpose of this paper was to determine the best fit regression model for the 
development of an SPF using historical motor vehicle crash data at 40 comparison sites 
without RLCs.  
Methods 
The Poisson regression model is usually thought of as the starting point in 
developing an SPF since crash data are routinely Poisson distributed (Oh et al. 2006). 
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Poisson regression models are suited for motor vehicle crash analysis for several reasons, 
including analyzing events that occur randomly and independently over time (Karlaftis 
and Golias, 2002) along with handling smaller sample sizes than linear regression 
(Jovanis and Chang, 1986). In a poisson regression model, the probability of intersection 
i having ݕ௜  crashes per period is given by  
ܲ(ݕ௜) =
exp(−ߣ௜) ߣ௜௬೔
ݕ௜! 							݅ = 0, 1, 2, … 
where;  
ܲ(ݕ௜) = probability of roadway i having ݕ௜ crashes/period, 
ݕ௜= number of crashes for roadway i/period, and 
ߣ௜ = expected number of crashes per period, E(ݕ௜), also known as the Poisson parameter 
for roadway i. 
The relationship between independent variables and expected number of crashes per 
period is a log-linear model of the following form: 
Ln(λi) = βXi or λi = exp(βXi)  
where; 
ln = natural logarithm 
β = vector of regression parameters 
Xi = a vector of explanatory variables 
The model coefficients are estimated through maximum likelihood methods. The 
likelihood function for the Poisson regression model is given as:  
ܮ(β) =ෑ[exp(−exp(β ௜ܺ))] [exp(β ௜ܺ)]
௬௜
ݕ௜!
௡
௜ୀଵ
							݅ = 0, 1, 2, … ݊	
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Poisson regression models assume equality of the mean and variance, which on 
occasion, is not found in crash data. Studies have shown that accident data can be 
overdispersed, that is, the variance exceeds the mean (Karlaftis and Golias, 2002). 
When overdispersion exists, it tends to underestimate the variance of the model 
coefficients (Abdel-Aty and Radwan, 2000). To account for overdispersion, a 
negative binomial distribution is used as an alternative to the Poisson model. The 
negative binomial distribution introduces an overdispersion parameter which 
corrects for the variance and mean difference. As the overdispersion parameter 
approaches zero, the negative binomial distribution converges into a Poisson 
distribution. The probability function for the negative binomial regression model 
is given below:  
ܲ(ݕ௜) =
Γ ቀݕi + 1ߙቁ
ݕ௜! Γ ቀ1ߙቁ
	൬ 11 + ܽߣ௜൰
ଵ/௔
൭
ߣ௜
ቀ1ܽቁ + ߣ௜	
൱
௬೔
				݅ = 0, 1, 2, … 
where; 
Γ(.) = gamma function 
ݕ௜  = number of crashes per period for intersection i and, 
α = overdispersion parameter 
Considering n number of crashes, the likelihood function is given by: 
ܮ(ߣ௜	) =ෑ
Γቀݕ௜ + 1ܽቁ
ݕ௜! Γ ቀ1ܽቁ
	൬ 11 + ܽߣ௜൰
ଵ
௔ ቌ ߣ௜
ቀ1ܽቁ + ߣ௜
ቍ
௬೔௡
௜ୀଵ
			݅ = 0, 1, 2, … ݊ 
 56 
The primary advantage of the negative binomial distribution over the poisson 
distribution is that the overdispersion parameter provides increased flexibility into the 
modeling of the variance function, allowing the variance to differ from the mean. Thus, 
the negative binomial model can be an appropriate model to address these challenges. A 
limitation, however, of both Poisson and negative binomial models is its inability to 
handle underdispersion (Lord and Mannering, 2010), that is, when the mean exceeds the 
variance. As a result, gamma models have been proposed to handle underdispersed crash 
data (Oh et al. 2006; Winkelmann, 1995). The gamma probability model can be given as: 
Pr[ݕ௜ = ݆] = Gam(ߙ݆, ߣ௜) − Gam(ߙ݆ + 	ߙ, ߣ௜);      ݅ = 0, 1, 2, … 
where; 
ߣ௜ = exp	(ߚ′ ௜ܺ) 
Gam(ߙ݆, ߣ௜) = 1, if j = 0, or ଵ୻(௔௝) ׬ ݑఈ௝ିଵ݁ି௨݀ݑ
ఒ೔
଴ , if j > 0, j = 0, 1, … 
The dispersion parameter is α, as in the negative binomial model. The value of α 
determines whether there is overdispersion, underdispersion, or equidispersion. If α > 1, 
there is evidence of underdispersion. In contrast, if α < 1, there is overdispersion, and 
lastly, equidispersion if α = 1, which reduces itself to a Poisson model. The conditional 
mean function and cumulative distribution function for the gamma probability model can 
be found in Oh et al. 2006. 
Data description 
Forty intersections within Miami-Dade County, Florida were selected for 
development of the SPF. Each intersection selected had been previously matched to at 
least one of 20 intersections with RLC’s with respect to selected geometric and daily 
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traffic variables. These variables included the intersection’s annual average daily traffic 
(AADT) across all approaches and the total number of lanes and average speed limits for 
the intersection’s major and minor roads. In addition, each selected intersection was at 
least 2 miles away from any RLC site. Crash records for the selected intersections were 
extracted from the Florida Department of Motor Vehicle and Highway Safety dataset. 
Crashes were selected using several criteria:  
1) The crash occurred between 2008 and 2011.  
2) The crash occurred within 150 feet of the intersection 
3) The crash resulted in at least one injury or fatality 
4) The accident did not result in solely pedestrian or bicyclist injuries/fatalities.  
The dependent variable was the number of injury crashes.  
Goodness of fit testing (GOF) was used to determine the best fit model. GOF uses 
the properties of a hypothesized distribution to determine whether observed data can be 
generated from a given distribution (Read and Cressie, 1988; Khan et al. 2014a). Widely 
used GOF test statistics include the Pearson’s chi square (߯2) and scaled deviance (G2).  
As described in Ye et al. (2013), the Pearson’s chi square value is calculated as: 
߯ଶ = 	෍[ݕ௜ −	ݑ௜ ߪ௜⁄ ]ଶ
௡
௜ୀଵ
 
where;  
ݕ௜ is the observed data,  
ݑ௜ is the true mean from the model,  
and ߪ௜ is the error and is usually represented by the standard deviation of ݕ௜. 
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The scaled deviance value is computed as twice the difference between the log 
likelihoods under the alternative and null model. A third test, Akaike Information 
Criterion (AIC) is also commonly used to measure model GOF. The model is defined as: 
AIC = [-2 log (likelihood) + 2p],     
where likelihood is the probability of the data given a model and p is the number of 
parameters in the model. Lower AIC values indicates a better model fit of the data (Khan 
et al. 2014; Khan et al. 2014b). These three tests were used to select the most appropriate 
SPF model. SAS 9.2 was used to develop the Poisson, negative binomial, and gamma 
models using the generalized linear model (GENMOD) procedure. The GENMOD 
procedure for each distribution produced Pearson’s chi square, scaled deviance, log-
likelihood, and AIC values, which were subsequently compared to select the best model 
fit. 
Results 
Intersection Characteristics  
Descriptive characteristics for the 40 comparison sites are displayed in Table 1. 
Independent variables included the intersection’s logarithmic mean AADT across all 
approaches, mean speed limit & mean number of lanes for the major and minor roads, 
along with their ranges, standard deviations, and 95% confidence intervals.  
Results of the poisson regression model are shown in Table 2 below. For the 
Poisson model, log [mean AADT], mean speed limit (minor road), number of lanes 
(minor road), were found to be statistically significant at α = 0.05. In contrast, the 
negative binomial model indicated, as shown in Table 3, log [Mean AADT] and mean 
speed limit (minor road) were the only statistically significant variables. The negative 
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binomial model’s overdispersion parameter value was 0.16, 95% CI (0.09, 0.29). Since 
the confidence interval did not overlap zero, thus indicates that overdispersion was 
present in the crash data, that is, the variance exceeded the mean.  
The gamma model was then estimated to test for underdispersion and as shown in 
Table 4, the dispersion parameter (α) was estimated to be 0.23. In addition, the 95% CI 
did not overlap one indicating, as in the negative binomial model, that overdispersion was 
present. The gamma model’s significant variables included the log [mean AADT] and 
speed limit (minor road). 
Model goodness of fit 
The model GOF for the Poisson, negative binomial, and gamma distributions 
were measured using the scaled deviance, Pearson Chi-squared Statistic, and AIC tests. 
The ratios of the scaled deviance and Pearson Chi-Square values to the model’s degrees 
of freedom (DF) were then calculated to determine GOF with values close to 1 
suggesting a good fit. All GOF test results are presented in Table 5. The negative 
binomial model achieved a Scaled Deviance/DF of 1.22 and a Pearson Chi-Squared/DF 
ratio of 1.09. In contrast, the Poisson model resulted in a scaled deviance/DF and chi 
square/DF ratios of 5.17 and 5.06, respectively. The log likelihood ratio for the two 
models resulted in a chi square value of 76.14 suggesting that the negative binomial 
distribution was a better fitting model. The gamma distributed model’s scaled 
deviance/DF and log-likelihood values were similar to that of the negative binomial 
model, however, the gamma model’s Pearson Chi-Square/DF ratio was only 0.24. In 
addition, the AIC value for the gamma model was slightly higher in comparison to the 
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negative binomial model. Based on Table 5’s results and evidence of overdispersion in 
Tables 3 & 4, the negative binomial model provided the best fit for developing the SPF.  
 
 
Discussion 
We considered three different regression models using motor vehicle crash data at 
40 comparison intersections to develop an SPF for Empirical Bayes analysis. The 
regression models examined were Poisson, negative binomial, and gamma distributions. 
We fit each of these models to crash data from 2008 – 2011 in which the outcome 
variable was the count of injury crashes. GOF measurements indicated that the negative 
binomial distribution provided the best fit among the three models examined. Inspection 
of the observed data also suggested that the outcome variable’s distribution was 
overdispersed, indicating that the negative binomial model was better suited to handle 
overdispersed data compared to the Poisson and gamma distributions. Similarly, the 
gamma model’s parameter estimates indicated that overdispersion, and not 
underdispersion was present.  
The negative binomial distribution is especially useful for count data whose 
variance exceeds the sample mean.  In vehicle crash data, counts frequently depart from 
the Poisson distribution due to larger frequencies of extreme observations resulting in a 
greater variance compared to the mean, resulting in over-dispersion (Hu et al. 2011), 
which was evident in our analysis. Although underdispersion can occasionally occur 
when analyzing motor vehicle crash data, it was not present according to our results.  
 61 
A limitation of this analysis was the small number of injury crashes at each site. 
This was expected since injury crashes are infrequent. Approximately 29% of all crashes 
in the United States results in at least one injury/fatality (NHTSA, 2014). In this study, 
two or three additional crashes may had influenced the results if few sites (4 – 5 
intersections) were examined, however, by selecting a larger number of comparison sites 
this impact was reduced. Other possibilities to further improve the model fit would be to 
increase the number of crashes by examining additional intersections or using a longer 
study period. If using a longer study period however, one must be aware that any changes 
made to a site (i.e., increased number of lanes, law changes) during the period of analysis 
may be more likely, rendering the results of that site invalid.  
The negative binomial model is currently one of the most common type of model 
employed in vehicle crash analysis (Ye et al. 2013). On some occasions, however, the 
Poisson model can also be a suitable model. Gamma distributed regression models, 
although relatively new to vehicle crash analysis, is being seen as an alternative to both 
the Poisson and negative binomial models. Crash frequency data can present several 
issues in terms of data characteristics, thus new methodological approaches are constantly 
being introduced (Lord and Mannering, 2010). Thus, future studies can be conducted to 
examine vehicle crash data using novel statistical approaches. This study provided 
guidance on the use of GOF statistics for Poisson, negative binomial, and gamma models 
which will allow other researchers to evaluate different models. Our results suggest the 
importance of comparing different probability distributions when modeling crash 
frequency data, particularly when overdispersion and underdispersion may exist. 
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Figures and Tables 
Table 2.1 Manuscript 2:  
Intersection characteristics for development of accident prediction model  
Comparison 
Intersections 
n=40 
Mean  
2008 – 2011 Range 
Standard 
Deviation 
95% Confidence 
Interval (C.I.) 
AADT (1000’s) 65.78 (30.83, 108.40) 21.58 (58.87, 72.68) 
Number of Lanes: 
Major Road 4.90 (2.00 – 7.00) 1.22 (4.51, 5.29) 
Number of Lanes: 
Minor Road 3.68 (2.00 – 6.00) 1.05 (3.34, 4.01) 
Speed Limit: 
Major Road 40.56 (35.00 – 45.00) 1.92 (39.95, 41.18) 
Speed Limit: 
Minor Road 37.43 (30.00, 40.00) 3.56 (36.29, 38.58) 
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Table 2.2 Manuscript 2:  
Safety performance function Poisson regression parameter estimates 
Parameter Estimate Standard Error 95% C.I. p-value 
Intercept -10.52 1.47 (-13.39, -7.64) < 0.01 
Log Mean AADT 0.99 0.16 (0.68, 1.29) < 0.01 
Speed Limit:  
Major Road 0.01 0.02 (-0.03, 0.05) 0.59 
Speed Limit:  
Minor Road 0.06 0.01 (0.03, 0.09) < 0.01 
Street Lanes:  
Major Road 0.06 0.04 (-0.02, 0.15) 0.16 
Street Lanes:  
Minor Road -0.12 0.05 (-0.23, -0.02) 0.02 
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 Table 2.3 Manuscript 2: 
 Safety performance function negative binomial regression parameter estimates 
Parameter Estimate Standard Error 95% C.I. p-value 
Intercept -12.12 3.39 (-18.76, -5.49) < 0.01 
Log Mean AADT 1.02 0.34 (0.35, 1.69) < 0.01 
Speed Limit:  
Major Road 0.04 0.05 (-0.05, 0.13) 0.41 
Speed Limit:  
Minor Road 0.07 0.03 (0.02, 0.12) 0.01 
Street Lanes:  
Major Road 0.06 0.09 (-0.12, 0.23) 0.54 
Street Lanes: 
Minor Road -0.15 0.11 (-0.37, 0.06) 0.16 
Dispersion Parameter 0.16 0.05 (0.09, 0.29)  
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Table 2.4 Manuscript 2: 
Safety performance function gamma regression parameter estimates 
Parameter Estimate Standard Error 95% C.I. p-value 
Intercept -12.69 3.59 (-19.73, -5.67) < 0.01 
Log Mean AADT 1.02 0.36 (0.32, 1.72) < 0.01 
Speed Limit – Major Road 0.05 0.05 (-0.05, 0.15) 0.32 
Speed Limit – Minor Road 0.07 0.03 (0.02, 0.13) 0.01 
Street Lanes – Major Road 0.06 0.09 (-0.12, 0.25) 0.51 
Street Lanes – Minor Road -0.16 0.11 (-0.38, 0.06) 0.15 
Dispersion Parameter 0.23 0.05 (0.15, 0.35)  
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Table 2.5 Manuscript 2: 
Results of model goodness of fit tests for safety performance functions 
Distributions 
Scaled 
Deviance/DF 
Pearson Chi-Square 
Value/DF AIC 
Log 
Likelihood 
Negative Binomial 1.22 1.09 303.92 -144.96 
Poisson 5.17 5.06 378.05 -183.03 
Gamma 1.22 0.24 304.53 -145.27 
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MANUSCRIPT 3 
Impact of Red Light Cameras on Motor Vehicle Injury Collisions within  
Miami-Dade County, Florida 
Abstract 
Objectives:  To determine the safety effect of red light camera (RLC) programs, 
this study attempted to estimate its impact on collisions within Miami-Dade County, 
Florida 
Methods:  A before-after evaluation using a comparison group along with traffic 
control correction was employed.  Twenty signalized intersections with RLCs which 
began enforcement on January 1st, 2011 were matched to two comparison sites located at 
least two miles from camera sites to minimize spillover effect. An Empirical Bayes 
analysis was used to account for potential regression to the mean effects. Right-
angle/turning, rear-end, all injury, and red light running (RLR)-related injury were the 
collision types examined. An index of effectiveness along with 95% CI’s were calculated 
based on the comparison between the estimated and actual number of crashes in the after 
period. 
Results:  During the first year, RLC sites experienced a marginal decrease in 
right-angle/turn collisions (-3%), a significant increase in rear-end collisions (+38%), and 
significant decreases in all-injury (-19%) and RLR-related injury collisions (-25%). An 
increase in right-angle/turning (+13%) and rear-end (+49%) collisions at the RLC sites 
was observed after two years despite camera enforcement. A significant reduction in 
RLR-related injury crashes (-17%), however, was still observed after two years. A non-
significant decline in all injury collisions (-11%) was also noted. 
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Conclusion:  RLCs showed a benefit in reducing RLR-related injury collisions at 
camera sites after enforcement commenced, yet its tradeoff was a large increase in rear-
end collisions. There was inconclusive evidence whether RLC’s affected right-
angle/turning and all injury collisions. Statutory changes in crash reporting during the 
second year of camera enforcement affected the incidence of right-angle and rear-end 
collisions, nevertheless, a “novelty effect” could also not be ruled out.  Future research 
should consider events such as low frequencies of severe injury/fatal collisions and 
changes in crash reporting requirements when conducting RLC analyses. 
Introduction 
During 2012, approximately 48% of U.S. crashes occurred at an intersection, of 
which over half (53%) took place at roads with traffic signals (National Highway Traffic 
Safety Administration (NHTSA), 2014). This indicates an excessive proportion of 
crashes transpire at signalized intersections considering they constitute only 10% all U.S. 
intersections (Federal Highway Administration (FHA), 2010). During 2011, one-tenth of 
all fatal crashes in the U.S. occurred at signalized intersections. In addition, nearly one-
third of traffic signal crashes resulted in at least one occupant injury (NHTSA, 2010). 
Despite national prevention efforts, the percentage of fatal crashes occurring at 
intersections with traffic signals increased 5% between 2000 and 2009 (NHTSA, 2001; 
2011). Many crashes at signalized intersections can be attributed to red light running. 
Approximately 56% of Americans acknowledge running red lights (Retting & Williams, 
1996). The Insurance Institute for Highway Safety (IIHS) estimates 683 persons were 
killed as the result of red light running crashes and another 133,000 persons were injured 
(IIHS, 2014). The IIHS also states that half of those killed in red-light running crashes are 
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not the signal violators but drivers and pedestrians hit by red-light runners (IIHS, 2007). 
Costs associated with red light running crashes are also significant. An examination in 
Texas found these crash types have a societal cost of $2 billion annually statewide 
(Bonneson & Zimmerman, 2004). 
Several interventions have been implemented to decrease the risk of red light 
running crashes, including police enforcement, educational campaigns, and engineering 
modifications such as signal timing changes. Red light cameras (RLCs), however, are 
increasingly being used to discourage red light runners and decrease related crashes. 
Several articles have been published regarding their effectiveness, however, results have 
been mixed.  
Determining whether RLCs are effective is difficult for several reasons (Shin & 
Washington, 2007). Since cameras are typically installed at sites with the highest number 
of violations and/or crashes instead of random assignment, subsequent reductions in the 
event analyzed (e.g., crash frequency) could simply be due to regression to the mean 
(RTM), that is data falling in line with the average results found in the area, even with or 
without any intervention implementation. If not accounted for, results may be biased in 
estimating the benefit of RLCs (Retting et al. 2003). As a result, many studies employ 
Empirical Bayes (EB) analyses which addresses the RTM effect whereby extreme 
measurements are drawn towards the mean. 
Shin and Washington (2007) examined the impact of RLCs to reduce crashes on 
24 intersections in Scottsdale and Phoenix, Arizona. In Scottsdale, a simple before-after 
methodology was designed using an EB analysis, while in Phoenix a before-after study 
with a comparison group was used. Bayesian analysis was not employed for the Phoenix 
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comparison. In Scottsdale, the authors found, 1) a non-significant 20% decline in right 
angle crashes, 2) a significant 45% decrease in left turn crashes, and 3) a significant 41% 
increase in rear-end collisions. In Phoenix, right angle crashes declined by 42% while 
rear-end crashes increased by 20%, both of which were significant. No change in total 
crashes was evident for either city. Hallmark et al. (2010), employed a Bayesian analysis 
to compare crash incidence at four intersections with RLCs to five control sites in 
Davenport, Iowa. Control sites were similar to RLC intersections with respect to traffic 
volume and crash frequencies. The authors found a barely significant 20% decline in the 
rate of total collisions at RLC intersections and a 40% reduction in red light running 
crash rates for the camera sites. No difference in red light running crashes was observed 
for the control intersections. Lastly, no change in rear-end crashes was evident for either 
the intervention or control sites.  
Spillover effects caused by RLCs influencing a driver’s behavior to extend to sites 
beyond camera-equipped intersections may bring out a positive, area-wide effect, that is, 
a reduction in crashes and injuries for both RLC and nearby non-treatment sites. 
Violation rate declines of 33 – 50% at comparison sites have been previously observed 
due to spillover effects (Retting et al. 1999a; Retting et al. 1999b). Ahmed & Abdel-Aty 
(2014) examined the impact of motor vehicle crashes at 25 RLC equipped intersections 
within Orange County, Florida using an EB analysis.  Crashes at fifty non-RLC 
intersections located within the vicinity of camera sites were also collected to examine 
spillover effects. Results indicated that RLC sites experienced a significant reduction in 
angle and left turn crashes and a significant increase in rear-end collisions. Similar trends 
were also observed in the nearby sites, indicating a spillover effect.  
 75 
Although recent studies have accounted for effects such as RTM and spillover, 
few have examined the impact of RLC’s on injury collisions  which should also be 
evaluated to determine the safety effect of RLC programs, Therefore, this study 
attempted to estimate the impact of RLCs on injury crashes at signalized intersections 
within Miami-Dade County by applying current methodologies.  
Methods 
A before-after study was employed to determine whether reduced injury crashes 
at signalized intersections are associated with RLCs. The methodology consisted of a 
before-after evaluation using a comparison group along with traffic control correction. 
An EB analysis was used to account for potential RTM effects. The study was conducted 
in Miami-Dade County, Florida which has an estimated population of 2.5 million and a 
land area of 1,946 square miles. A statewide RLC law took effect in July 1st, 2010, 
permitting selected municipal governments to establish local camera enforcement 
programs. RLC enforcement in Miami-Dade County began in January 2011 which was 
preceded by a 30-day warning period during December 2010, whereby cameras were 
used to photograph violators, but no tickets were issued. Signs advising motorists of 
photo enforcement of traffic-signal laws were posted on all RLC locations. Warning 
signs were placed between 150 and 300 feet from the intersection’s stop line, depending 
on the approach speed limit. City officials also attempted to generate publicity and 
awareness of the program by issuing press releases and providing information to local 
media. 
Camera locations were determined by contacting municipalities directly. A list of 20 
RLCs was obtained from various municipalities that initiated camera enforcement of red 
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light runners on January 1st, 2011 to use in the study.  The Miami-Dade County 
Geographic Information Systems (GIS) Self Services Data Download website 
(http://www.miamidade.gov/technology/gis-self-service.asp) was then accessed to 
geocode all intersections using its corresponding longitudinal and latitudinal values using 
ARCMAP Desktop (version 10.0).   
Intersection characteristics were obtained using the Florida Department of 
Transportation (FDOT) GIS Roadway Characteristics Inventory (RCI) website 
(http://www.dot.state.fl.us/planning/statistics/gis/). This website is comprised of 
shapefiles for most major roadways in Florida and contain several variables pertaining to 
roadway characteristics including speed limit, current annual average daily traffic, 
number of lanes, and median width. They were then added to the map using ARCMAP 
Desktop’s clipping tool to display only Miami-Dade roadways. Historical Miami-Dade 
roadway AADT data was obtained via the FDOT Florida traffic online website: 
http://www2.dot.state.fl.us/FloridaTrafficOnline/viewer.html. 
Intervention and Comparison Site Selection 
Signalized intersections were divided into two groups, those with and without 
RLCs. The 20 RLC intersections were classified as intervention sites Each RLC 
intersection was then matched to 2 comparison sites (40 total) with similar geometric 
layouts using the following variables:  
- Major road speed limit 
- Minor road speed limit 
- Total annual average daily traffic (AADT) for all approaches 
- Number of lanes: major road 
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- Number of lanes: minor road 
To minimize spillover effect, comparison sites were located at least two miles from an 
RLC intersection. Since Florida allows the use of RLCs throughout the state, it is not 
suitable to select comparison sites located outside a city, as they are usually located 
outside of the enforcing community (Retting et al. 2003; Retting et al. 2002). Currently, 
Miami-Dade County RLC’s are only located within municipalities and not in 
unincorporated areas. Therefore, it is assumed that spillover effects on comparison sites 
isolated from RLC’s would be reduced. A two-mile buffer zone for each RLC 
intersection was created to reduce the likelihood for spillover effects. Any signalized 
intersections located within buffer zones were excluded as possible comparison sites. Our 
decision to use a two mile buffer zone was based on a recent study evaluating the 
effectiveness of RLC’s in Texas which used a similar radius for comparison sites (Ko et 
al. 2013). Additionally, Wong (2014) concluded that spillover effect should be strongest 
for a ½ mile and weakest for two mile buffer zones.  
Defining Injury Crashes 
 Miami-Dade County collision information was obtained from the Florida Traffic 
Crash Records Database (FTCRD). Crashes were analyzed for three years before (2008 - 
2010) and two years after camera enforcement (2011 & 2012). Crashes at intervention 
and comparison sites were included if occurring within 150 feet from the center of an 
intersection.  
Crashes related to RLCs can be categorized into: those attributed to red light 
running (RLR), and those caused by actions related to avoiding RLR (Shin & 
Washington, 2007).  Therefore, four types of motor vehicle crashes, right-angle, rear-end, 
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left-turn, and right-turn were included according to FTCRD variables. Injury collisions 
were limited to crashes with an injury code   of either “fatal”, “incapacitating injury”, 
“non-incapacitating evident injury”, or “possible injury”. They were then classified into 
two collision categories, all injury and RLR-related injury. Due to an insufficient number 
of fatal and incapacitating injury crashes, all injury severity crash levels were collectively 
aggregated. For similar reasons, right-angle/turning collisions were also combined.  
Variable Selection & Statistical Analysis  
Right angle/turn, rear-end, all injury, and RLR-related injury crashes were the 
outcome variables of interest. Independent continuous variables consisted of the total 
number of straight-through lanes & speed limits for the major and minor approaches, and 
total AADT for all approaches. 
As previously stated, failing to account for RTM may overestimate the benefits of 
RLCs, therefore, Bayesian analyses can be used to address this weakness. Models that 
employ Bayesian analyses allow researchers to estimate collision rates without the 
treatment based on crash occurrence prior to RLC enforcement at the comparison sites. 
EB methodology assumes that crash occurrence fit either a Poisson or negative binomial 
(NB) distribution.  
Poisson regression models are often thought of as a starting point for crash data, 
however, it assumes equality of the mean and variance. Studies have shown that crash 
data can be overdispersed, that is, the variance exceeds the mean (Karlaftis & Golias, 
2002). When overdispersion exists, it tends to underestimate the variance of the model 
coefficients (Abdel-Aty et al. 2005). To account for overdispersion, a NB distribution is 
used as an alternative. The NB distribution introduces an overdispersion parameter which 
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corrects for the variance and mean difference. As the overdispersion parameter 
approaches zero, the NB distribution converges into a Poisson distribution. The primary 
advantage of the NB distribution is that the overdispersion parameter provides increased 
flexibility into the modeling of the variance function, allowing the variance to differ from 
the mean. Thus, the NB model is an appropriate model to address these challenges and is 
currently the most common model used in motor vehicle crash data (Lord and 
Mannering, 2010).  
A before-after analysis using the EB method was employed to evaluate the safety 
effectiveness of the 20 RLC’s. A safety performance function (SPF) was generated on the 
40 comparison intersections using a NB regression model. An SPF is a statistical 
regression model which fits collision data for comparison intersections to an independent 
set of variables which may be expected to affect safety such as road speed limits. The 
SPF is estimated by maximum likelihood and commonly assumes a NB distribution for 
the crash data. An example of an SPF predicting the number of crashes at an intersection 
is provided below:   
ܵܲܨ௜ = 	exp	[ߚ଴ +	ߚଵ ln(ܣܣܦܶ) + ߚଶ (ܵ݌݁݁݀	ܮ݅݉݅ݐ)], 
where: 
SPFi is the predicted number of crashes at intersection i and ߚ௜’s are regression 
parameters 
SPF’s are used to assist agencies in network screening processes, that is, 
identifying sites that may benefit from a safety treatment. In addition, SPFs can be 
instrumental for countermeasure comparisons, and project evaluations (Federal Highway 
Administration, 2010). 
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Empirical Bayes Calculation 
A thorough explanation on how EB estimators are derived can be found in Shin & 
Washington (2007). The EB method estimates the expected crash frequency at the RLC 
intersection in the after period had the intervention not been implemented using the crash 
history of the treatment and comparison sites. To estimate the number of crashes for each 
RLC site before installation, the characteristics of each treated intersection are inserted to 
the SPF model and a ratio of the before period to the overall period length examined is 
obtained to normalize the length of time estimate. This results in ܧ෠[ߢ], the expected 
number of crashes in the before period for each RLC intersection based on the SPF 
model. To calculate the estimate of the number of after-period crashes at the RLC sites 
had it not been treated (Mi), a weighted average (Wi) is taken between the SPF 
estimateܧ෠[ߢ], and actual before-period observed number of collisions (Shin & 
Washington, 2007).  
Mi = Wi * ܧ෠[ߢ] + (1-Wi) * Ki,        (1)  
where: 
Ki: Observed collisions in the before period at intersection i 
Wi: Weight for intersection i where: 
ܹ݅ = ୉෡[ச]୉෡[ச]ା	୚ୟ୰෢ [ச]෣ 	 ; Var෢ [κ] = 	E෡ଶ[κ] ∗ 	α	      (2) 
with α being the overdispersion parameter which is generally of the form (Cameron & 
Trivedi, 1999): 
ߙ = exp ൬ఉబା	ఉభஎ೔,೔ାఉమஎ,೔శ..ఉ೔எ೔எభ,೔ ൰,       (3) 
where: ߚᇱs are a vector of covariates and Χᇱs are a set of independent variables. 
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If a large amount of variability in the observed data exists, the overdispersion parameter 
will be higher, therefore applying more weight to the SPF. In contrast, if there is little 
variability, less weight will be applied to the SPF and more to the observed data. Since 
Mi is an estimate based on the length of the before period, it is normalized to the after 
period. Thus, the estimate of the after-period crashes (πi) for intersection i is: 
πi = Mi * Ci  * AADTi         (4) 
where: Ci: Ratio of after period to the before period  and  
AADTi = 
஺஺஽்ೌ ೑೟೐ೝ
ഀభ
஺஺஽்್ ೐೑೚ೝ೐
ഀభ          (5) 
where: ܣܣܦ ௔ܶ௙௧௘௥ is the AADT at the RLC site in the after period, ܣܣܦ ௕ܶ௘௙௢௥௘is the 
AADT at the RLC site in the before period, and ߙଵis the regression coefficient of AADT 
from the SPF. 
The total number of expected crashes across all 20 RLC sites during the after period is 
then summed using Eq. 6.  
ߨ = 	∑ ߨ௜௜           (6) 
An index of effectiveness, which measures how effective the treatments were, is 
based on the comparison between the estimated and actual number of injury crashes in 
the after period. To measure the index of effectiveness (θ), the estimate obtained in Eq. 6 
is compared to the actual number of crashes after RLC enforcement. The formula to 
estimate θ is: 
߆ = ௅/గ(ଵାೡೌೝ(ഏ)ഏమ )
                    (7) 
where, 
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 L – The total number of injury crashes in the after period for all 20 RLC intersections 
and:  
ܸܽݎ(ߨ) = 	∑ ܥ௜ଶ ∗ ܣܣܦ ௜ܶଶ ∗ (1 − ௜ܹ) ∗ ܯ௜௜       (8) 
Lastly, Eqs. 9 - 11 are then used to obtain the 95% confidence interval: 
ܸܽݎ	(ߠ) = 	ߠଶ 	
భ
ಽା
ೡೌೝ(ഏ)
ഏమ
ቀଵାೡೌೝ(ഏ)ഏమ ቁ
మ                                                                                           (9) 
ݏ݁(ߠ) = 	ඥݒܽݎ(ߠ)                  (10) 
95% CI = θ + 1.96 * se(θ)                (11) 
Results 
Safety Evaluation of RLC’s  
Descriptive characteristics for the RLC and comparison sites are displayed in 
Table 1. Independent variables included the intersection’s logarithmic mean AADT 
across all approaches, mean speed limit & mean number of lanes for the major and minor 
roads, along with their ranges, standard deviations, and 95% confidence intervals. Table 2 
presents the mean annual collision frequency during the before and after periods for the 
RLC and comparison sites. Four categories of collisions were considered: Right-
angle/turn, rear-end, all injury, and RLR-related injury collisions.  
As illustrated in Table 2, mean annual right-angle/turn intersection collisions at 
comparison sites were similar during the before and after periods while RLC sites 
experienced a slight decline (-7.4%) after camera enforcement. Rear-end mean annual 
intersection collisions increased for both site types during the after period, however, the 
magnitude of increase at the comparison sites were nearly twice that of the camera 
enforced intersections. In comparison, all injury and RLR-related injury mean annual 
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intersection collisions declined for both site types after camera enforcement commenced. 
Camera enforced sites, however, experienced a slightly greater decline in both all injury 
and RLR-related injury mean annual intersection collisions versus comparison sites. 
On July 1st, 2012, all law enforcement agencies were required to report additional 
crashes which were not previously necessary to submit. Therefore, statutory changes in 
crash reporting may have influenced the increase in right-angle/turn and rear-end crashes 
during the after period. Conversely, since crash reports are mandated for injury collisions, 
their frequency was likely not affected by the statutory change. 
 To examine the impact of increased crash reporting during 2012, two groups of 
SPF’s were developed. The first group comprised crash data for the period 2008 – 2011 
while the second group also included 2012. Table 3 summarizes the SPF’s for the 40 
comparison intersections using a NB regression model. As shown in Table 3, greater 
traffic flow and higher minor approach speed limits resulted in increases of right-
angle/turn, rear-end, all injury, and RLR-related injury collisions. Moreover, rear-end 
crash frequency were also affected by higher speed limits at major approaches and 
greater number of lanes at minor approaches. The overdispersion parameter’s 95% 
confidence interval did not overlap zero for any of the SPF’s, suggesting that the NB 
distribution was appropriate for each model.  The observational before-after EB method 
was subsequently applied to the 20 RLC intersections using each SPF. The aggregate 
safety effectiveness for right-angle-turn, rear-end, all injury, and RLR-related injury 
collisions at the 20 RLC are presented in Table 4 for one and two years after camera 
enforcement.  
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During the first year, the RLC sites experienced a marginal decrease (-3%) in 
right-angle/turn collisions (119 observed collisions vs. 123 expected). In contrast, a 
significant increase in rear-end collisions (+40%) was observed at the RLC sites (302 
actual collisions vs. 215 expected) according to the EB analysis. When injury collisions 
were considered, there was a significant decline in all injury (-19%) and RLR-related 
injury (-24%) collisions at the camera sites during the first year of enforcement. All 
injury collisions, however, were barely significant according to the index of 
effectiveness’s 95% confidence interval. 
As expected, the statutory change in reporting during 2012 resulted in an increase 
in collisions at the RLC sites after two years despite camera enforcement. According to 
Table 4, right-angle/turn and rear-end crashes at the camera sites increased by 14% and 
51%, respectively than what would otherwise had been expected. Similar to the first year, 
results indicated a statistically significant increase in rear-end collisions and a non-
significant effect on right-angle/turn collisions. Despite the increase in overall rear-end 
and right-angle/turn collisions, a significant reduction in RLR-related injury crashes       
(-17%) was still observed. The EB analysis indicated an expected 190 RLR-related 
collisions would occur after two years across the 20 RLC sites if no treatment had been 
applied, yet, only 158 collisions actually occurred. A decline in all injury collisions         
(-12%) was also noted, however, unlike the first year, this result was not significant. 
Despite these declines, the magnitude of reduction was lower compared to year one. 
Since reporting of injury collisions were likely not affected by the statutory changes, the 
decreasing trend in all-injury and RLR-related injury collisions observed during the 
second year may have resulted from a potential “novelty effect” at the camera sites.  
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Discussion 
This study summarized the results of a before-after EB analysis to evaluate the 
effects of RLC enforcement in Miami-Dade County during 2011-2012. The results from 
this evaluation suggest that RLC enforcement reduce RLR-related injury collisions but 
increase rear-end collisions. These findings were consistent with other studies which also 
found safety benefits from the enforcement of RLCs when using Bayesian 
methodologies.  
Changes in crash reporting requirements likely resulted in an increase in the 
magnitude of rear-end collisions and a slight increase in right-angle/turning collisions 
after two years of camera enforcement. Results suggest, however, that the effect of 
RLC’s on right-angle/turning crashes is minimal, even with changes in reporting. The 
possible existence of a “novelty effect” may have also influenced results since increases 
in the frequency of both all-injury and RLR-related injury collisions was observed during 
the second year of enforcement, although this could not be verified.  
The decision to select crashes occurring within 150 versus 250 feet likely 
increased sensitivity (i.e. identifying true intersection crashes), yet doing so likely 
resulted in some collisions being missed. It was felt that using a 250 foot distance would 
misclassify several collisions as an intersection crash, thus potentially biasing the number 
of incidents towards the mean. Determining which distance was more appropriate 
required detailed examination of crash reports, which was not available in our study. The 
Florida Department of Transportation defines an intersection crash as one which occurs 
within 250 feet of an intersection. Miami-Dade County, however, is a large urban area 
with many adjacent streets located within 250 feet of an intersection, especially within 
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major roads. Vehicles can easily exit these arterials by turning into oncoming traffic, 
resulting in some incidents being erroneously classified as an intersection crash. Thus, the 
sensitivity of an intersection crash was increased by lowering the buffer distance to 150 
feet. Various radii have been used to define intersection crashes, with results varying 
depending on the distance used (Wang et al., 2008). It has been recommended that 150 
feet would simplify case computations for urban areas with a higher density street 
network (Miller, 2011). Previous studies have also used a 150 foot radius to select target 
crashes (Council et al., 2005; Persaud et al., 2005; Miller, 2011; Kweon, 2007). 
This study was able to address for many of the limitations found in previous RLC 
evaluations. By employing an EB analysis, the effect of RTM was controlled for which 
may overestimate results. Additionally, by using three years of crash data prior to camera 
enforcement, the impact of RTM was further reduced. It has previously been suggested 
that several years of crash data is required to properly employ an EB analysis (Hauer 
1997; Hauer et al. 2002). A period of at least three years crash data is recommended with 
no significant changes in external factors to the observation sites, which was applied in 
this study. We also attempted to control for spillover by using comparison intersections 
located within the same community, but at a specified distance from any RLC site. The 
spillover effect was minimized by selecting comparison sites at least two miles from an 
RLC intersection, but likely not completely eliminated. The possibility of some drivers 
being influenced to avoid running non-RLC sites still exists. If some spillover was 
present, the results of this study may have underestimated the benefit of RLCs. If 
completely controlled for, however, the RLCs may have shown an even greater 
significant safety benefit. A drawback of using large buffer zones, however, is that it 
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become more difficult to match the treated intersections for unobservable characteristics 
such as weather (Wong, 2014). Accordingly, a follow-up study using smaller buffer 
zones to select comparison sites should be considered.   
A limitation of this study was the small number of injury crashes at each site. This 
was expected since injury crashes are rare events. Approximately 29% of all crashes in 
the United States resulted in at least one injury/fatality during 2011 (NHTSA, 2012). In 
this study, two or three additional crashes might have influenced the results if few sites (4 
– 5 intersections) had been examined, however, by selecting a larger number of sites with 
RLCs, this impact was reduced. Due to the low frequency of severe injury/fatal crashes, 
we were unable to further separate incidents by injury severity. In our analysis, there was 
less than one fatal/severe injury crash per intersection annually during the 5-year period. 
It has been found that fatal crashes make up only 0.87% of all injury collisions (Wong, 
2014) therefore a statistical analysis was unfeasible since doing so would have created 
difficulty in estimating the safety effect. A possibility to address this limitation is to 
analyze the effect of RLC’s on injury severity using multiple cities. A second limitation 
was a lack of different intersection types within our analysis. All but one of the 
intersections analyzed were four-legged. As a result, we could not assess whether 3-
legged or crossing intersections would be more beneficial for RLC installation. 
Therefore, additional research is recommended since they may bring about differing RLC 
effects. 
Additional possibilities to further evaluate the safety benefit of RLCs would be to 
increase the number of crashes by examining a greater number of intersections or 
lengthening the study period. If using a longer study period however, one must be aware 
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that any changes made to a site (e.g., increased number of lanes, yellow timing changes) 
during the period of analysis may be more likely, rendering the results of that site invalid.  
In closing, the results of this analysis provided some conclusive results, 
particularly RLCs showed a benefit in reducing RLR-related injury collisions in Miami-
Dade County at camera sites after enforcement commenced, yet its tradeoff was a large 
increase in rear-end collisions. There was inconclusive evidence though, whether RLC’s 
affected the incidence of right-angle/turning and all injury collisions. The statutory 
changes in crash reporting during the second year of camera enforcement clearly affected 
our results, specifically the incidence of right-angle and rear-end collisions, nevertheless, 
a “novelty effect” should also not be ruled out. Future research should consider some of 
the unintended events encountered in this study, particularly crash reporting changes and 
small frequencies of fatal/severe injury collisions when conducting RLC analyses. 
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                                                              Figures and Tables  
Table 3.1 Manuscript 3: Intersection characteristics of red light camera and comparison 
sites used for Empirical Bayes analysis 
(AADT) 
Intersections Mean (1000’s)   2008 - 2012 Range (1000’s) 
Standard 
Deviation 
95% 
Confidence 
Interval 
p-value 
Red Light 
Cameras 
(n=20) 
67.79 (26.25, 114.70) 24.90 (56.14, 79.44) 0.80 
Comparison 
(n=40) 66.23 (30.83, 108.40) 21.22 (59.44, 73.01) 
 
 (Speed Limit – Major Road) 
Intersections Mean  Range Standard Deviation 
95% 
Confidence 
Interval 
p-value 
Red Light 
Cameras 
(n=20) 
38.75 (30.00 – 45.00) 3.93 (36.91, 40.59) 0.06 
Comparison 
(n=40) 40.56 (35.00 – 45.00) 1.92 (39.95, 41.18) 
 
 (Speed Limit – Minor Road) 
Intersections Mean Speed Limit  Range 
Standard 
Deviation 
95% 
Confidence 
Interval 
p-value 
Red Light 
Cameras 
(n=20) 
35.25 (30.00, 42.50) 4.28 (33.24, 37.26) 0.01 
Comparison 
(n=40) 37.81 (30.00, 40.00) 3.36 (36.74, 38.89) 
 
(Number of Lanes – Major Road) 
Intersections Mean  Range Standard Deviation 
95% 
Confidence 
Interval 
p-value 
Red Light 
Cameras 
(n=20) 
5.25 (4.00 – 6.00) 0.97 (4.80, 5.70) 0.34 
Comparison 
(n=40) 4.95 (2.00 – 7.00) 1.22 (4.56, 5.34) 
 
(Number of Lanes – Minor Road) 
Intersections Mean  Range Standard Deviation 
95% 
Confidence 
Interval 
p-value 
Red Light 
Cameras 
(n=20) 
3.60 (2.00 – 6.00) 0.88 (3.19, 4.01) 0.50 
Comparison 
(n=40) 3.78 (2.00 – 6.00) 0.97 (3.46, 4.09) 
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Table 3.2 Manuscript 3: Mean crash frequency for red light camera and comparison sites 
during before and after periods 
Intersection 
Type Crash Type 
Intersection 
Annual Mean 
Crash Frequency 
Before Period       
(2008 – 2010) 
Intersection Annual 
Mean Crash 
Frequency After 
Period               
(2011 – 2012) 
Percent 
Change 
Before-After 
Period 
RLC’s 
 
Right-Angle/Turn 7.47 6.92 -7.4% 
Rear-End 13.85 16.78 +21.2% 
All Injury 5.62 4.60 -18.1% 
RLR-Related 
Injury 
5.03 3.95 -21.5% 
Comparison Right-Angle/Turn 4.75 4.79 +0.84% 
Rear-End 7.41 10.40 +40.4% 
All Injury 6.44 6.00 -6.8% 
RLR-Related 
Injury 
5.89 5.01 -18.1% 
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                     SPF 1 – SPF for period 2008 – 2011 
       SPF 2 – SPF for period 2008 – 2012 
       * - Denotes statistical significance at the 95% level. 
 
 
Table 3.3 Manusrcipt 3: Safety performance functions for comparison signalized intersections used 
in Empirical Bayes analysis 
SPF Crash Type Intercept Ln 
(AADT) 
Speed 
Limitmaj 
Speed 
Limitmin 
Lanesmaj Lanesmin Dispersion 
Parameter 
SPF1a Right-Angle/Turn -10.855 1.121* -0.025 0.075* 0.048 -0.181 0.169 
SPF1b Rear-End -21.108 1.555*  0.111* 0.070* 0.162 -0.218* 0.146 
SPF1c All Injury -11.650 1.061*  0.110 0.734* 0.092 -0.159 0.121 
SPF1d RLC Injury -11.972 1.114* -0.001 0.077* 0.113 -0.187 0.128 
SPF2a Right-Angle/Turn -11.552 1.146* -0.017 0.083* 0.045 -0.174 0.160 
SPF2b Rear-End -22.141 1.645*  0.116* 0.079* 0.122 -0.219* 0.150 
SPF2c All Injury -11.938 0.985*  0.373 0.083* 0.075 -0.162 0.129 
SPF2d RLC Injury -12.192 1.027*  0.025 0.085* 0.106 -0.187 0.134 
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Table 3.4 Manuscript 3: Safety effectiveness of red light camera sites by collision type 
Years After 
Enforcement 
Crash Type Expected 
Collisions 
Observed 
Collisions 
Index Of Effectiveness 
(% Reduction/Increase) 
Standard 
Error 
95% C.I. 
1 
Right-
Angle/Turning 123 119 0.97   (-3.2%) 0.10 (0.78, 1.16) 
Rear-End 215 302 1.40* (+40.2%) 0.09 (1.22, 1.58) 
All Injury 106 86 0.81* (-19.1%) 0.09 (0.62, 0.99) 
RLR-Related 
Injury 96 73 0.76* (-24.3%) 0.10 (0.57, 0.94) 
2 
Right-
Angle/Turning 243 277 1.14   (+13.6%) 0.08 (0.97, 1.30) 
Rear-End 445 671 1.51* (+50.7%) 0.08 (1.36, 1.66) 
All Injury 209 184 0.88   (-12.2%) 0.08 (0.73, 1.03) 
RLR-Related 
Injury 190 158 0.83* (-17.2%) 0.08 (0.68, 0.98) 
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CHAPTER V 
CONCLUSIONS 
This research revealed the following major findings:  
 
1. The literature review found that although red light camera studies showed 
decreases in violations, collisions, and injuries, many contained 
methodological shortcomings, thus a greater number of studies were needed to 
strengthen the conclusion that they reduce the incidence of motor vehicle 
crashes and related injuries. 
2. The literature review also found that although spillover effects appeared to be 
evident for red light camera studies, many of the jurisdictions examined were 
small in area. Thus, it was unknown whether spillover resulting from red light 
camera enforcement would have similar effects in large metropolitan areas. 
3. The literature review found that several red light camera studies examined 
violations as an outcome variable. To properly assess the safety impact of red 
light cameras, however, the incidence of right-angle, rear-end, and injury 
collisions should be examined. 
4. Analysis of the forty comparison intersections revealed that the negative 
binomial distribution was a better fit compared to a poisson model. The 
negative binomial model achieved a Scaled Deviance/DF of 1.22 and a 
Pearson Chi-Squared/DF ratio of 1.09. In contrast, the Poisson model resulted 
in a scaled deviance/DF and chi square/DF ratios of 5.17 and 5.06, 
respectively. The log likelihood ratio for the two models resulted in a chi 
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square value of 76.14 suggesting that the negative binomial distribution was a 
better fitting model.  
5. The negative binomial distribution also provided a better fit compared to the 
gamma distributed model. The scaled deviance/DF and log-likelihood values 
for both models were similar, however, the gamma model’s Pearson Chi-
Square/DF ratio was only 0.24. In addition, the AIC value for the gamma 
model (304.53) was slightly higher in comparison to the negative binomial 
model (303.92). The overdispersion parameter value for the negative binomial 
model was 0.16, 95% CI (0.09, 0.29). The gamma model’s dispersion 
parameter (α) was estimated to be 0.23, 95% CI (0.15, 0.35), indicating 
overdispersion was present. 
6. After one year of camera enforcement, red light cameras showed a benefit in 
reducing RLR-related injury collisions at camera sites (-24%), yet its tradeoff 
was a large increase in rear-end collisions (+38%). There was inconclusive 
evidence whether RLC’s affected right-angle/turning and all injury collisions. 
Statutory changes in crash reporting during the second year of camera 
enforcement likely caused an increase in the incidence of right-angle (+14%) 
and rear-end collisions (+51%), however, decreases in red light related injury 
collisons (-17%) were still observed. A “novelty effect”, however, could not 
be ruled out.   
7. These data suggest that red light cameras reduced the incidence of red light 
running associated collisions. The drawback of RLCs, however, is an increase 
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in rear-end collisions, which although less severe than right-angle collisons, 
can still result in minor injuries.  
Directions for future research 
The results of the present study are intended to enhance research regarding the 
effectiveness of red light cameras in reducing injury collisions.  The data analyzed 
indicates that motor vehicle related injury collisons is a major area of interest for research 
regarding red light cameras.  Our results suggest that injury collisons may decrease after 
red light camera enforcement of intersections.  Despite this incidence, there was an 
increase in specific types of collisions (e.g. rear-end crashes). In addition, it was difficult 
to assess whether camera enforcement reduced injuries according to severity due to small 
sample sizes. Thus, more studies exploring and elucidating the role of red light cameras 
on injury severity is needed.  Hence, a study which measures, in addition to overall injury 
incidence, minor/major injuries and fatalities are needed. The most effective manner of 
implementing these types of studies would be to extend the duration or increase the 
number of intersections examined.  
Other methodologies which could enhance this study would be to examine 
additional factors which were unavailable including impaired drivers, seat belt usage. 
These and other factors such as weather may influence the incidence of injury collisions.   
Lastly, since newer methodological approaches regarding motor vehicle collisions are 
constantly being developed, future research may more accurately determine the 
effectiveness of red light cameras on injury and other collision types. 
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